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1. INTRODUCTION

Collecting soil information is known as the formation of legacy data about 
soils. They include former soil survey/monitoring reports and related 
datasets, soil maps, soil profile descriptions etc. (Odeh et al., 2012). How-
ever, often such data were inaccessible to data analytic processing and 
are nowadays rarely used in decision making processes. Therefore the 
“renewal” of these data through digitization and modelling is essential 
(Rossiter, 2008). The same applies for legacy soil data available in Estonia 
from past large-scale soil mapping, soil monitoring network (SMN) and 
agrochemical survey of the arable land.

Soil organic matter in general and carbon in it (SOC) are one of the most 
common indicators of soil quality and it has multiple interactions with 
ecosystem services. One of the soil-mediated ecosystem services is carbon 
storage and greenhouse gas regulation (Keesstra et al., 2016). Soils rep-
resent the largest terrestrial carbon pool (Batjes, 1996) and recently their 
interactions with the global climate system have attracted much interest. 
Apart from carbon sequestration or emission potential of soils, the SOC 
status is essential for soil functioning and fertility which is the basis for 
sustainable biomass production. Thus, knowledge of soil SOC status is 
needed from local to global scale. However, in most regions there are not 
enough analytical data for SOC status, especially in finer spatial scales. 
Consequently, prediction of SOC has been carried out using different 
pedometric techniques (pedotransfer functions, digital soil mapping). 

SOC is expressed by the proportion of organic carbon (SOC, %) or by 
area basis (SOC stock). Soil bulk density (Db) is a parameter used in 
weight-to-volume conversion of SOC (%) to SOC stock. SOC (%) is 
a portion of the soil measured as carbon in organic form, excluding liv-
ing macro- and mesofauna and living plant tissues, usually expressed as 
proportion of carbon in soil weight (i.e., g C per 100 g of soil, g C per 
kg of soil). It is one of the frequently used indicators in SMN reflect-
ing soil-type-specific soil fertility and functioning of the soil, important 
physical and chemical properties of the soil. When the SMN provides a 
nationally consistent assessment of soil carbon conditions across major 
soil types and land uses (van Wesemael et al., 2010), it offers a solid basis 
to estimate the status or changes of SOC (%) and stock. Stock (density) 
is SOC expressed on area basis (e.g., per hectare (ha) or g per m2). The 
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calculation of SOC stock is based on SOC (%), soil Db, the relative con-
tribution of fine earth material to total soil mass and layer thickness or 
sampling depth. The unit of SOC stock is usually t C ha–1 (Mg C ha–1) 
or g C m–2.

Db is an indicator of soil physical status. It is defined as the oven-dry 
weight of soil divided by its volume expressed by g cm–3 or Mg m–3. Db 
determines physical properties of the soil by dictating the water and solute 
movement through the soil. Db is strongly negatively correlated with soil 
organic matter being lower at higher organic matter content (Arvidsson, 
1998; Franzluebbers, 2002; Ruehlmann & Körschens, 2009). Conse-
quently Db is inversely related to soil depth as much of the organic matter 
is in the upper part of soil profile (Balland et al., 2008). Another factor 
determining the Db in soil profile is soil texture/particle-size distribution 
as soils with large amount of fine particles (silt and clay) have lower Db 
compared to soils with more coarse particles (Benites et al., 2007). Addi-
tionally, soil Db is influenced by land use and mechanical stress intro-
duced by different tillage practices (Nawaz et al., 2012). Increased Db is 
indicator of soil compaction which is caused mainly by anthropogenic 
operations (mechanical farm/forestry and military operations) but also 
by natural processes (rain, plant roots, foot traffic, soil fauna) rearranging 
the soils solid particles (Nawaz et al., 2012). Increased Db affects water 
infiltration, available water capacity, soil porosity, plant nutrient avail-
ability, rooting depth and soil microorganism activity, which all influence 
key soil processes and productivity (Lipiec & Hatano, 2003; Håkansson, 
2005; Nawaz et al., 2012).

Morvan et al. (2008) defined SMN as ‘a set of sites/areas where changes 
in soil characteristics are documented through periodic assessment of 
an extended set of soil parameters’. Although SOC (%) is often meas-
ured in soil monitoring, the same cannot be said for Db, which relies 
on time-consuming and expensive sampling of cores, especially in soil 
monitoring with many sites. Therefore, prediction of missing soil prop-
erties may to some extent compensate for incompletely observed data. 
One of the distinctive features of soil monitoring is that the samples are 
collected through stratified (random) or systematic sampling (by grids 
or transects) (Arrouays et al., 2012). The sampling design defines the 
methods for analysing the data and detecting significant differences in 
the soil properties. The search for the model with the best prediction 
accuracy has been an ongoing research topic for years (e.g., Brus & de 
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Gruijter, 1997; Schrumpf et al., 2011; Martin et al., 2014). Already many 
prediction models have been developed however extending the models 
beyond the geomorphic region or soil types where they were designed 
in is not advisable (McBratney et al., 2002). In practical terms it’s often 
even impossible because local legacy soil data and maps are mainly based 
on country-specific soil classification system. It means that there is need 
to develop models where predictor variables are compatible with existing 
large-scale soil map. 

The present thesis addresses the question of developing statistical methods 
to predict SOC (%) and Db from other available soil properties based on 
digitized legacy soil data available via SMN data and legacy soil map. 
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2. REVIEW OF THE LITERATURE

2.1. Overview of prediction approaches in soil science

In soil science, prediction procedures can be divided in two groups: dig-
ital soil mapping and pedotransfer functions/rules. Pedotransfer func-
tions (PTFs) are functions that predict certain soil properties from other 
easily, routinely or inexpensively measured soil physical and chemical 
properties (McBratney et al., 2002). Digital soil mapping serves the same 
goal with PTFs, however, it also includes other environmental variables 
and applies the model to geographic database to create a predictive map 
of specific soil properties (Scull et al., 2003). Gradually the use of PTFs 
is declining and digital soil mapping techniques become more popular 
due to enhanced possibilities using GIS and spatial data (Minasny et al., 
2013), although in many cases scientists demonstrated the benefits of 
both approaches (e.g., Lettens et al., 2005; Bonfatti et al., 2016). Both 
approaches produce a static model, however for simulating the fluxes and 
turnover of soil carbon, dynamic simulation models have been developed, 
e.g., ICBM, RothC, Century, CANDY, C-TOOL (Andrén et al., 2004; 
Rukhovich et al., 2007; Dendoncker et al., 2008; Lugato et al., 2014; 
Taghizadeh-Toosi et al., 2014). In current thesis only the static models 
are used.

PTFs and digital soil mapping rely on statistical and geostatistical model-
ling approaches for prediction of soil properties (further on referred as 
prediction models). Essentially, prediction models can be divided into 
two groups (Breiman, 2001): 

1) Grey-box models: methods assuming a priori probability distribu-
tions that (are believed to) characterize the data structure (e.g., linear 
regression, logistic regression) and 

2) Black-box models: distribution-free algorithmic methods that in 
various ways search the data for structures (e.g., classification and 
regression trees). 

These two approaches may also be referred to as statistical modelling and 
statistical learning, respectively (Hastie et al., 2009).
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2.1.1. Prediction of SOC

Statistical relationships between SOC (%) and its potential predictor 
variables have been studied (e.g., Grimm et al., 2008; Gray et al., 2009; 
Oueslati et al., 2013; Bonfatti et al., 2016) but the main focus has been 
on predicting SOC stock compared to SOC (%). Thus, prediction meth-
ods and predictor variables for both SOC (%) and stock are introduced 
in the following subchapters. 

2.1.1.1. Grey-box models 

The most common way to estimate SOC stock used to be calculating a 
mean or median SOC stock by stratifying the data after soil type and/or 
land use (Arrouays et al., 2001; Yu et al., 2007; Meersmans et al., 2008). 
However, the most popular method is multiple linear regression (MLR) 
(Meersmans et al., 2011; Oueslati et al., 2013; Gray et al., 2015). The 
prediction accuracy of the MLR models has been generally higher than 
for the mean/median approach (Meersmans et al., 2008; Gray et al., 
2009). Also the stratification of SOC (%) by soil types, land use, vegeta-
tion type, topographical parameters has shown better results in terms 
of explained variation in the data (Bell & Worall, 2009; Oueslati et al., 
2013), especially in topsoil (Meersmans et al., 2009a).

Spatial variability

Although mean and regression approaches have the advantage of easy 
usage and interpretation they do not capture the spatial variability of 
soil properties, e.g., SOC varies already in small scales both horizontally 
and vertically (VandenBygaart, 2007; Saby et al., 2008). Geostatistical 
methods are useful to capture the spatial variability of soil (Lark, 2012; 
Brevik et al., 2016). Typically kriging techniques like ordinary kriging 
and regression kriging have been used in SOC stock prediction (Mishra 
et al., 2009; Phachomphon et al., 2010; Liu et al., 2015; Bonfatti et al., 
2016). Generally, predictions using kriging techniques have achieved bet-
ter prediction accuracy compared to MLR (Kumar et al., 2012; Liu et 
al., 2015).

A more complex grey-box model is linear mixed model (LMM) which 
additionally to measurable soil properties capture the systematic and spa-
tial variation by including a set of random effects into the model (Lark 
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& Cullis, 2004). The random variation in the data can be introduced by 
the sampling design. Several studies have exploited the benefits of LMM 
in soil science (e.g., Haskard et al., 2010; Maia et al., 2010). Doetterl 
et al. (2013) fitted a LMM at a regional scale to predict SOC stock in 
different soil layers for cropland and identified large spatial variability 
of the stocks. As they used data from two different databases, the origin 
of the data was considered as a random effect and the spatial correlation 
was modelled using a Gaussian exponential correlation structure. The 
systematic variation of soil sampling was the reason for Maia et al. (2010) 
to use mixed modelling (site variable as random effect) for analyzing the 
effects of agricultural management systems on soil C stocks. Stevens et 
al. (2015) characterized the controlling factors of SOC (%) of croplands 
in field scale by LMM approach using Matérn model to describe spatial 
covariance structure. 

Predictor variables in grey-box models

Pedologic parameters have been most frequently used in grey-box mod-
els, e.g., soil type, texture/particle size distribution, parent material. 
Grüneberg et al. (2010) demonstrated that the high variability of SOC 
stock in soil horizon can be attributed to the thickness of the horizon and 
suggested that the accuracy of SOC stock estimates can be improved by 
taking the samples by horizons instead of depth increments. Neverthe-
less, the thickness of A-horizon has rarely been used in models. Climatic 
variables (annual mean precipitation, annual mean temperature) have 
been identified as major predictors of carbon storage in croplands (Gray 
et al., 2009; Meersmans et al., 2011; Doetterl et al., 2013) having a 
strong positive relationship with precipitation and negative relationship 
with temperature (Meersmans et al., 2011; Gray et al., 2015). Also land 
use has an important impact on the amount and distribution of SOC 
(Meersmans et al., 2008; 2009a). Topographical variables were identified 
as the strongest variables with hydrological variables in the croplands of 
the Great Duchy of Luxembourg (Doetterl et al., 2013). Additionally, 
Bell & Worall (2009) and Xin et al. (2016) emphasized that including 
altitude in models improve the prediction accuracy, Gray et al. (2015) 
demonstrated that aspect plays a significant role in deeper horizons.
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2.1.1.2. Black-box models

Different data mining and machine learning methods have become 
increasingly popular in SOC studies. Different decision tree approaches: 
boosted regression trees (Martin et al., 2014, Akpa et al., 2016), classi-
fication and regression trees (CART) (Bou Kheir et al., 2010), decision 
tree (Gray et al., 2009; Stoorvogel et al., 2009), multiple additive regres-
sion tree (Krishnan et al., 2007; Lo Seen et al., 2010); random forests 
(RF) (Grimm et al., 2008; Wiesmeier et al., 2014; Were et al., 2015; 
Akpa et al., 2016; Bonfatti et al., 2016) and RF-CART (Wiesmeier et al., 
2011) have been used more frequently in black-box models. In compara-
tive studies like Gray et al. (2009), classification tree method yielded in 
the second place for predictive accuracy compared to MLR and median 
approach. Were et al. (2015) compared RF, support vector machines for 
regression, and artificial neural networks (ANN) models to predict SOC 
stocks from 19 environmental variables and laboratory soil data. The best 
predictive performance was achieved with both support vector machines 
and ANN with total nitrogen as the best predictor in all three models. 
Akpa et al. (2016) achieved the best prediction accuracy with RF com-
pared to Cubist and boosted regression trees.

Predictor variables in black-box models

In black-box models, the focus of predictors usually stems from the state 
factor approach where soil is viewed as a function of climate, organ-
isms, topography, parent material and time (Jenny, 1941) and its derivate 
in spatial dimension with additional factors soil and time, the scorpan 
model (McBratney et al., 2003). Topographic variables (e.g., slope, eleva-
tion, curvature) have been used the most in black-box models (Figure 1). 
Amongst climatic variables, they are mainly associated with temperature 
or precipitation (e.g., Krishnan et al., 2007; Wiesmeier et al., 2014) but 
also evapotranspiration has been used (Martin et al., 2014). Pedologic 
parameters like parent material, soil type and textural classes/particle 
size distribution have been frequently used as input variables. Vegetation 
indices NDVI, NDWI were also important variables in modelling (Bou 
Kheir et al., 2010; Were et al., 2015; Akpa et al., 2016). Large influence 
of land use/land cover has been shown in predicting SOC (e.g., Adhikari 
et al., 2014).
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Due to the black-box nature of these models, the relationships between 
the SOC and predictor variables cannot easily be interpreted; only the 
importance of the variable can be assessed. Wiesmeier et al. (2011) pro-
posed to use RF combined with CART to supplement the black-box pro-
cedure with some kind of useful interpretation. This approach relies on the 
assumption that the splits in the regression trees randomly generated when 
constructing the random forest are not in general deviating too much from 
the splits in the single regression tree fitted to the entire training data.

2.1.2. Soil bulk density and pedotransfer functions

The most frequently used methods in predicting Db are similarly to SOC 
(%) grey-box models (Table 1). MLR has mainly been used to predict Db 
from basic soil properties in different scales (e.g., Kätterer et al., 2006; 
Hollis et al., 2012). MLR-based predictions are more used in SOC stock 
studies than prediction models by other methods, especially more gen-
eral PTFs like Db = 1.66 – 0.318*SOC(%)1/2 (Manrique & Jones, 1991) 
requiring only one input variable (e.g., Meersmans et al., 2008; Stevens 
et al., 2014). Next to McBratney et al. (2002), other comparative studies 

Figure 1. Predictor variables used in black-box SOC models (decision trees; RK – 
regression kriging; Cubist; SVM – support vector machine) grouped by predictor classes 
based on 15 publications (Krishnan et al., 2007; Grimm et al., 2008; Gray et al., 2009; 
Stoorvogel et al., 2009; Bou Kheir et al., 2010; Lo Seen et al., 2010; Wiesmeier et al., 
2011, 2014; Adhikari et al., 2014; Martin et al., 2014; Gray et al., 2015; Liu et al., 2015; 
Were et al., 2015; Akpa et al., 2016; Bonfatti et al., 2016).
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have also concluded that existing PTFs should be used with care in new 
conditions and more accurate results come from recalibrating existing 
PTFs or developing new ones (Kaur et al., 2002; De Vos et al., 2005; 
Nanko et al., 2014). Therefore, the PTFs already developed in tropi-
cal/temperate regions or mineral/forest soils have been used in the same 
conditions for e.g., SOC stock assessment (PTF by Benites et al., 2007 
used in Bonfatti et al., 2015).

On the contrary to easy interpretation and understanding of the underly-
ing mechanism of the regression method, the black-box models provide 
an alternative way for developing PTFs. However, ANN-predicted Db 
values have not been significantly better compared to MLR-predicted 
values (Tranter et al., 2007; Wang et al., 2013). Also, RF predicted Db 
more effectively compared to ANN (although in subsoil ANN performed 
better), Cubist and boosted regression trees (Taalab et al., 2013; Akpa et 
al., 2016). Sequeira et al. (2014) introduced a novel approach to predict 
Db incorporating information from surrounding horizons, mainly Db, 
in the soil profile (without using SOC concentration) using RF method 
(root mean square error – RMSE 0.10 to 0.15 g cm–3). Similar results 
where SOC was not included were obtained by Taalab et al. (2013; 2015) 
who applied RF, ANN and Bayesian network to predict Db in a landscape 
scale using only landscape-derived attributes resulting in R2 of 0.37–0.55 
and RMSE of 0.17–0.19 g cm–3, respectively. Other black-box models 
like multiple additive regression trees or k-ANN methods have shown 
more precise prediction of Db compared to MLR models (Martin et al., 
2009; Botula et al., 2015). 

Studies have shown that SOC (%) is the most significant input variable 
to prediction models next to soil textural classes/particle size distribution 
(e.g., Manrique & Jones, 1991; Bernoux et al., 1998; Kätterer et al., 2006; 
Wang et al., 2013; Botula et al., 2015). Water content at sampling time 
is inversely related to Db and has shown to improve prediction accuracy 
(Manrique & Jones, 1991; Heuscher et al., 2005) but nevertheless this 
soil property is rarely used in Db prediction. However, Yang et al. (2015) 
showed that field-measured Db and water content were highly correlated 
and improved the prediction of Db by co-kriging with kriged soil water 
content. Sampling depth has been used more frequently than water con-
tent (Table 1). Although, the models performance improved with depth 
as a variable, the predictive quality did not increase significantly (De Vos 
et al., 2005; Heuscher et al., 2005).



18

Table 1. Summary of some studies in soil bulk density prediction.

Reference Land 
use

Location Method Predictors

Manrique 
and Jones 
(1991)

Various USA, 
Hawaii, 
Puerto 
Rico

Grey-box model SOC, clay, silt, sand, water 
content

Bernoux et 
al. (1998)

Various Brazil Grey-box model SOC, clay, sand, pH*

Calhoun 
et al. 
(2001)

Various Ohio, 
USA

Grey-box model SOC, depth, clay, sand*

Kaur et al. 
(2002)

Various India Grey-box model SOC, clay, silt

De Vos et 
al. (2005)

Forest Belgium Grey-box model 
+ recalibration 
with depth and 
texture variables

LOI, depth, clay, sand

Heuscher 
et al. 
(2005)

Various Mainly 
USA

Grey-box model SOC, depth, clay, silt, water 
content 

Kätterer et 
al. (2006)

Arable 
land

Sweden Grey-box model particle size classes, textural 
classes, SOM and SOM 
classes

Benites et 
al. (2007)

Various Brazil Grey-box model SOC, clay, sum of basic 
cations*

Krishnan 
et al. 
(2007)

Various India Black-box model SOC, soil type, clay, silt, 
sand, horizon type, land-
cover type

Tranter et 
al. (2007)

Mainly 
arable 
lands

Australia Black-box and 
grey-box model

SOC, depth, clay, sand, silt, 

Similarly to SOC (%) the range of variables for Db prediction is large, 
and some of them, such as SOC (%) and texture are more frequently used 
than others, e.g., water content. Also, the LMM has been rarely applied 
for Db prediction. Only Lark et al. (2014) developed a PTF to predict Db 
of mineral soils from organic carbon content with the aim of determining 
sampling requirements for Db and SOC in soil monitoring.
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Martin et 
al. (2009)

Mainly 
arable 
lands

France Black-box model SOC, depth, clay, silt, land 
cover, layer type

Brahim et 
al. (2012)

Various Tunisia Grey-box model SOC, clay, f-sand, f-silt, pH 

Hollis et 
al. (2012)

Various Europe Grey-box model SOC, sand, clay, horizon 
mid-depth

Wang et 
al. (2013)

Loess 
Plateau, 
China

Black-box and 
grey-box model

Sand, silt, clay, SOC, alti-
tude, vegetation coverage, 
growth age, slope gradient 
and aspect

Taalab et 
al. (2013; 
2015)

Various English 
Midlans

Black-box model Soil group, land use, parent 
material, bedrock, topogra-
phy, climate

Adhikari 
et al. 
(2014)

Various Denmark Grey-box model 18 environmental variables

Lark et al. 
(2014)

Arable England Grey-box model SOC

Nanko et 
al. (2014)

Forest Japan Grey-box model SOC, SOM, LOI

Sequeira et 
al. (2014)

Various USA Black-box model designation, depth, textural 
class, thickness

Botula et 
al. (2015)

Various Lower 
Congo

Black-box and 
grey-box model

Sand, silt, clay, SOC, pH, 
CEC, DCB-Fe, DCB-Al

Yang et al. 
(2015)

Various (South-
west) 
China

Grey-box model Water content

Akpa et al. 
(2016)

Various Nigeria Black-box model Topography, vegetation/
anthropogenic factors, cli-
mate, parent material

* predictors in all grey-box models, additional predictors in smaller data groups.
SOC – soil organic carbon; SOM – organic matter; LOI – loss-on-ignition; 
CEC – cation exchange capacity; DCB-Fe – dithionite–citrate–bicarbonate-extractable Fe; 
DCB-Al – dithionite–citrate–bicarbonate-extractable Al.
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2.2. Calculating soil organic carbon stock

Although, the simplest way to obtain SOC stock estimates is by direct 
calculation (Eq 1), 

SOC (t C ha–1) = (A(m) * area – coarse fraction) * Db (t m
–3) * SOC (%) (Eq 1)

it is more difficult to do so in large scale due to exhaustive input data 
(measurements of SOC, Db, depth, classes of stoniness) requirements. 
Those requirements can be met in national soil inventory or legacy soil 
databases. In that case SOC stocks are calculated using different soil 
modelling and prediction methods. The prediction methods are used to 
fill the gap between existing and missing information in calculating the 
SOC stock by predicting SOC and Db separately. For example, Meers-
mans et al. (2011) calculated the SOC stocks of cropland in Belgium by 
modelling SOC (%) values with MLR and used a PTF by Manrique and 
Jones (1991) to predict Db. Also Brahim et al. (2011) combined regres-
sion models and a PTF to predict the missing values of SOC and Db. In 
the Belgian database, missing Db values were predicted with a calibrated 
PTF to geomatch SOC stocks with landscape units (Lettens et al., 2005). 
Milne et al. (2007) developed new PTFs for both SOC and Db. An actual 
comparison of the associated variability and prediction accuracy of such 
combined methods was done by Taalab et al. (2013) where Db was pre-
dicted using RF. The results showed that the SOC stock calculated with 
the RF-predicted Db underestimated the Db values compared to the SOC 
stock calculated with measured Db. 

2.3. SOC stocks globally and locally 

Global and local estimation of past, current and future SOC stocks are 
important because of their importance to climate change and food secu-
rity. Globally, soil carbon plays an important role in world’s carbon cycle. 
This is relevant in terms of climate change where the CO2 emissions 
have increased since 1750 and largely due to anthropogenic fossil CO2 
emissions (IPCC, 2014). The net emissions from agriculture, forestry 
and other land use activities increased 8% over the period of 1990–2010 
whereas the main source of increase were emissions of agriculture by 8% 
(4.6 to 5.0 Gt CO2 eq yr–1 in 1990s and 2000s; 5.3 Gt CO2 eq yr–1 in 
2011)(FAO, 2014). 
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Globally, Batjes (1996) estimated the SOC stock 1462–1548 Gt of C in 
the upper 0–100 cm calculating stock for each soil layer in the profile 
and per FAO-UNESCO soil subunit using the World Inventory of Soil 
Emission Potentials (WISE) database. Lower worldwide SOC stock esti-
mates (1417 Gt of C for top 1 m) were reported by Hiederer & Köchy 
(2011) where the amended Harmonized World Soil Database (HWSD) 
was used. This is the most up to date spatial SOC stock map available.

In Europe, SOC stocks have been modelled by pedotransfer rule method 
(Jones et al., 2005) and most recently by regression model approach (de 
Brogniez et al., 2015). In pan-European scale, the total carbon stock has 
been estimated to be 80.3 Gt and for Estonia 1.5 Gt (Jones et al., 2005). 
Lugato et al. (2014) used the Century model to simulate the SOC stock 
in pan-European level in agricultural soils and predicted that arable land 
stored 7.65 Gt of carbon, corresponding to 43% of total agricultural 
SOC stock in the region (17.63 Gt). Kõlli et al. (2010) estimated the 
SOC stock in mineral soils of Estonia to 0.3 Gt for the entire soil cover 
by direct calculations based on soil data from large-scale soil mapping 
(1 : 10 000).

2.4. Related studies in Estonia

SOC (%) and stocks in Estonian arable soils have been well studied. 
However, little work has been done on spatial patterns in the distribu-
tion of SOC. Several generalizations of the status and stocks of organic 
matter in Estonian soils have been made (Kõlli et al., 2011). The studies 
have mainly focused on humus quality, composition of soil organic mat-
ter, SOC distribution in soil types and sources and fluxes of SOC (Kask, 
1975; Kanal, 1996; Kõlli & Ellermäe, 2003; Reintam, 2007; Kõlli et al., 
2010 etc.). Kõlli et al. (2009) calculated SOC stocks for soil types on the 
topsoil, and the whole solum concluding, that the stocks depend mainly 
on soil carbonate and clay content, moisture regime, pedon fabric and 
land use type. 86.4 Mt of SOC is sequestered in Estonian arable soils with 
an average of 68.9 t ha–1 for humus cover and 20.1 t ha–1 in the subsoil 
(Kõlli & Ellermäe, 2003). 

The National Soil monitoring data provides an extensive database of 
soil properties in mineral soils. However, these data has been mainly 
described only by descriptive statistics (Kokk & Rooma 1983; Lehtveer 
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& Kokk, 1995). Studies in soil bulk density are also related to presenting 
the descriptive statistics (Eesti NSV mullastik arvudes, 1989). However, 
Kask (1997) showed a negative linear relationship between soil Db and 
SOC (%) where it is evident that the mineral soils with higher SOC 
(%), the Db values are lower (R2=0.86). Also, Roostalu (in Lauringson 
et al., 2015) developed PTFs for Db of mineral arable soils using humus 
concentration and stratifying the models by soil texture: soils with heavier 
texture and more humus have smaller Db. Although modelling Db has not 
been an a priori goal of soil scientists in Estonia, the studies including Db 
were related to studying the compaction introduced by machinery and 
calculating the critical values of Db regarding different crops (Nugis & 
Lehtveer, 1991; Lehtveer & Kokk, 1995; Reintam et al., 2008; Krebstein 
et al., 2014). 

The Estonian legacy data of Db and SOC (%) have been rarely used in 
actual decision making and data analysis. As the amount of data collect-
ing was large at the time of soil monitoring, there was not much time left 
for deeper analysis on data, only the descriptive statistics after monitoring 
year were provided. Continuous soil monitoring was stopped because of 
the change in political regime in Estonia in 1991 as the financial support 
on soil monitoring significantly decreased. Considering the hot topics in 
soil science (e.g., compaction, soils as C reservoir) it is essential to analyze 
the spatial pattern of SOC and Db in regional level to contribute in the 
wider scientific community. 
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3. HYPOTHESIS AND AIMS OF THE STUDY

The main hypothesis of this thesis was whether or not the use of linear 
mixed model could exploit the hierarchical structure in the National Soil 
Monitoring network data to improve prediction accuracy of soil prop-
erties. It was assumed that the Estonian legacy soil data (National Soil 
Monitoring and Estonian large-scale soil map) were suitable for develop-
ing prediction models. Also it was assumed that the developed models 
could be used for spatial extrapolation of new parameters (e.g., SOC 
stock) across mineral arable soils. Additionally, this would lead to new 
possibilities for using the soil legacy data by creating other soil-specific 
models and parameters.

The specific aims of the study were:
1. Digitize the National Soil Monitoring data from 1983–1994 stored 

on paper to computer and setting up the database structure.
2. Develop a prediction model for Db and SOC (%) in Estonian arable 

soils with the compatibility of Estonian large-scale soil map (paper 
I, II).

3. Compare the prediction quality between the grey-box model (linear 
regression, median approach, linear mixed model) and black-box 
model (random forests) (paper I, II).

4. Extend the prediction models in paper I, II to incorporate spatial 
variability using a kriging approach (paper III).

5. Combine and compare predictions of separate SOC (%) and Db 
models to calculate SOC stock and implement the results into large-
scale Estonian Soil Map.
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4. MATERIALS AND METHODS

4.1. Description of the dataset

Between 1983 and 1994, a consistent, complex and systematic moni-
toring of arable soils took place in Estonia under the framework of 
national SMN (Kokk & Lehtveer, 1995). The soil monitoring program 
was resumed in 2001 as part of the national environmental monitoring 
program and 26 monitoring sites were selected to be monitored (includ-
ing sites previously in SMN) (KKM, 2016). The models in this thesis 
have been developed based on 79 monitoring sites studied in 1983–1994 
under the national SMN program (these data were digitized), 15 moni-
toring sites (5 overlapping with national SMN) from 2008 under the 
newly commenced monitoring program (0.7% of data) (KKM, 2008) 
and one area from 1977 (0.1% of data) (to complement the dataset with 
finer textures) (Figure 1 in paper I). Monitoring sites have mainly been 
under cereal-based crop rotation with ploughing in autumn. As land-use 
information was very inconsistent in the database, crop or rotation his-
tory was not included in this study. The samples and data from the period 
1983–1994 were archived at the Estonian Soil Museum at the Estonian 
University of Life Sciences and the samples from 2002 to 2008 at the 
Agricultural Research Centre. Now all the samples associated with the 
NSM are archived at the Agricultural Research Centre.

4.1.1. Monitoring scheme

Each monitoring site was generally with the size of 60×180 m and smaller 
sites 30×90 m. In each of the sites four parallel transects were established 
at the distance of 20 m. Each transect comprised of ten 1-m2 monitor-
ing plots; there were 40 monitoring plots for one monitoring site with 
the total of 3160 plots. The monitoring interval was three years. In the 
monitoring plots, the thickness of the humus horizon and average soil 
samples were taken. Some soil properties, i.e., Db and water content were 
measured in four sampling depths: 3, 15, 25, and 40 cm (other depths 
e.g., 7.5 cm, were rare). In the fifteen monitoring sites studied in 2008, 
soil samples were taken from five random locations at 5 and 20 cm depth. 
Therefore, the database of Db was larger than the database used for SOC 
(%) modelling (17 293 entries vs. 8 697 entries). 
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4.1.2. Measured soil properties

The data presented in this thesis was only for the humus horizon (A-hori-
zon) representing all major Estonian soil types from arable land. Based on 
the Estonian Soil Classification (ESC), the A-horizon is a dark-colored 
topsoil layer that is formed in automorphic conditions by the accumula-
tion of well-humified organic matter that is firmly bound to mineral soil 
particles (Kokk et al., 1968). The established ESC limits of SOC (%) for 
A-horizon are 0.6–6%. The dataset contains sampling depth, oven-dry 
bulk density (Db), water content (Wc) at sampling time, soil type, thick-
ness of the A-horizon, SOC (%), texture and physical clay (Cf ) content 
(Table 1 in Paper I).

Sampling of Db was carried out in four replications by the core method 
using 50-cm3-volume cylinders in 1983–1994; however, in 2008, a steel 
cylinder of 88.2-cm3-volume (d = 5.3 cm, h = 4 cm) was used. The 
arithmetic mean from four replications in monitoring plot was used. 
Measured Db values correspond to the equilibrium Db because sampling 
was carried out at the end of the growing season. Db values of below 0.8 g 
cm–3 or above 2.0 g cm–3 were excluded from this study, as they represent 
unreliable data for the A-horizon in mineral soils. 

The thickness of the A-horizon ranged from 12 to 100 cm. The gravi-
metric water content was determined at 105 °C (% weight). The sampled 
soils were classified according to the ESC; where approximate soil groups 
are given, classifications were also based on the World Reference Base 
2006 (WRB, 2006). 

SOC (%) was determined by Tjurin method, based on wet digestion with 
acid potassium dichromate of carbon (Tjurin IV, 1937; Vorobeva, 1998). 
No soil-type-specific correction factor was applied because there was large 
soil type variation and, moreover, correction for incomplete oxidation is 
not recommended (Meersmans et al., 2009b). 

Particle-size distribution of fine earth was determined using the pipette 
method by Katschinski, in which physical clay (Cf ) is defined as the 
mass fraction of particles smaller than 0.01 mm (Katschinski, 1956). 
According to the Katschinski classification, the soils were classified based 
on their physical clay (<0.01 mm) content with the approximate classes 
names after FAO (2006) system as follows: those with less than 10.0% 
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physical clay were classified as sand; from 10.1 to 20% as loamy sand; 
from 20.1 to 30.0% as sandy loam; from 30.1 to 40.0% as loam; from 
40.1 to 50.0% as sandy clay loam; and soils with over 50.1% physical 
clay were classified as clay. 

4.2. Framework of prediction 

A prediction model provides individual predicted values for various con-
figurations of predictor variables. The primary quality measure is the 
accuracy of predicted values. In contrast, the usual output of a statistical 
model (estimated standard errors, confidence intervals and p-values) are 
of no interest of prediction. Consequently, whether or not distributional 
assumptions are fulfilled is not important.

The first step is to define a number of candidate models based on well-
defined criteria that reflect the intended applications of the models. In 
this case, such criteria must be compatible with the Estonian soil map; 
that is, soil-science-specific considerations replace statistical techniques 
of model selection. Evaluation and comparison of the candidate models 
is usually done by fitting them to training and validation datasets (in case 
of two or more models). The predictive performance of the best model is 
tested on a third independent test dataset (in case of only a single candi-
date model only training and validation datasets are needed). This way, 
the overly optimistic conclusions about the prediction accuracy and the 
underestimation of prediction error can be avoided by not using identi-
cal datasets in all steps (more details in paper I). The entire database was 
randomly split by following a common procedure: a 50% subset to a 
training dataset, a 25% subset to a validation and a 25% subset to a test 
dataset (Hastie et al., 2009).

The comparison of the candidate models was based on comparing these 
predicted values with the corresponding observed values in the validation 
data by RMSE (the square root of the mean of the squared differences 
between predicted and observed values). RMSE is a measure that is easy 
to interpret – the scale is the same as for the soil property considered; 
the smaller the measure the better. One advantage of RMSE is that it is 
applicable to both grey-box models such as MLR and LMM and arbitrary 
black-box models and thus it enables comparisons between very differ-
ent modelling approaches. Additionally, the agreement or disagreement 
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between the predicted and observed values was assessed visually. The best 
candidate model was then fitted to 75% of the national SMN dataset and 
assessed the prediction error on the new dataset, i.e., test dataset using 
same quality measures.

4.3. Prediction models

Four different prediction models were compared. Firstly, the median 
approach where the median value of a soil characteristic from the indi-
vidual measurements in each stratum for each combination of the soil 
type and texture is calculated (paper II). Secondly, RF which is a black-
box model being completely different from the median approach (more 
details in paper II). Soil type, Cf content, A-horizon thickness and year 
are used as predictor variables in RF approach for SOC (%) prediction 
model. RF were included in prediction models comparison as they have 
been used more in the last decade and also to assess their prediction accu-
racy compared to linear models. Two remaining models were statistical 
relationship-based approaches: linear regression and LMM.

4.3.1. Linear regression model

In a simple linear regression model with one predictor variable, there are 
two parameters: an intercept and a slope (Hastie et al., 2009). In case of 
two or more quantitative variables the process is called multiple linear 
regression – MLR. The analysis of covariance (ANCOVA) approach is 
extending the MLR methodology to the situation where additionally 
categorical explanatory variables are available. These linear regression 
models are usually fitted using ordinary least-squares estimation. The 
ANCOVA approach possesses one major weakness in the context of pre-
diction: the more explanatory variables that are included in the model, 
the greater is the risk of overfitting and the recommendation is to settle 
for a simple ANCOVA including a limited number of predictor variables 
in an additive fashion (very few interactions if any at all) that are selected 
based on experience or literature (Vittinghoff et al., 2005) (more details 
in Paper II). The predictor variables were chosen in the model from the 
soil science perspective and their significance was tested comparing the 
model with and without the predictor variable using likelihood ratio test 
(Table 2). 
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4.3.2. Linear mixed model

The sampling scheme in the national SMN database implies that there 
is a hierarchical structure in the data for each year: transects are nested 
within plots, which are again nested within sites. The hierarchical struc-
ture in the data introduces several layers of replication, in the sense that 
the data may exhibit unexplained variation not only in the individual 
point measurements, but also at transect, plot and site levels. The hierar-
chical structure is captured by the random effects reflecting the predictor 
variable levels of no primary interest. More details on LMM methodology 
can be found in paper I.

Considering the hierarchical structure of the database and the soil prop-
erties associated with Db and SOC (%), the predictor variables shown 
in Table 3 were selected. The random effects related to the sampling 
scheme, that is site, transect, and plot, were the same in both models as 
they reflect the same hierarchical data structure. However, there were 
some additional random effects in both prediction models. More specifi-
cally, year-specific site effects were included in the Db model anticipating 
that site effect might be different between years. Also the year-specific 
transect effects were also included in the SOC (%) LMM as were site-
specific slope coefficients for the Cf content as the relationship between 
SOC (%) and Cf content was expected to vary from site to site. The fixed 
effects of the SOC (%) model were exactly the same as used in the linear 
regression approach (Model A). LMM-based prediction may utilize both 
the estimated fixed-effects parameters and the empirical best linear unbi-
ased predictor (EBLUPs) as estimates for the unobserved random effects. 
Details on prediction using EBLUPs are given in paper II and III. 

Table 2. Untransformed predictor variables used in Db and SOC (%) linear regression 
prediction models.

Predictor variable Response
Db (g cm–3) SOC (%)

A-horizon thickness Continuous Continuous
Cf content Continuous Continuous
Sampling depth Continuous
SOC (%) Continuous
Wc Continuous
Soil type Categorical
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4.4. A dataset used for kriging

The data for mixed model-based kriging were sampled in a sub region 
of Tartu County as part of agrochemical survey in Estonia carried out in 
2002–2004 (Agricultural Research Centre, 2016) (Figure 1 paper III). 
In total, SOC (%) data for 85 arable fields were available (Table 4). The 
survey scheme was to take one composite soil sample from a 3–5 ha field. 
The centroid coordinates were used to match these fields to soil map 
data. The soil type and texture data (for mean Cf content) were extracted 
from the soil map data as in the survey only SOC (%) was measured. The 
selected sub region for model validation contained three of the original 
79 sites used in the second step. 

Table 3. Random and fixed effects included in hypothesis testing and prediction model. 
(“*” denotes combined terms where the effect of a quantitative variable is modified 
according to the level of a categorical variable).

Random effects Fixed effects
y = Db

Site Soil type Soil type * Wc
Transect Sampling depth Cf
Plot Sampling depth * SOC Texture * SOC
Year SOC Soil type * SOC
Site by year A-horizon thickness Texture

Sampling depth * Cf Sampling depth * Wc
Wc Soil type * Cf
Texture * moisture

y = SOC (%)
Site Soil type
Transect A-horizon thickness
Plot Cf content
Year
Site * Cf content
Transect by year
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4.5. The Estonian large-scale soil map and area of case study

The soil map of Estonia is based on a systematic large-scale mapping of 
soil cover that took place from 1954 to 1989 (Piho et al., 1960, Kokk 
et al., 1968, Metsamajandite…1978/1983, Põllumajanduslike…1989). 
The mapping was started in 1954 when by the leadership of Igna Rooma 
a specific soil group was formed under the Ministry of Agriculture (later 
known as RPI Põllumajandusprojekt). The soil map was digitized in 2001 
at the scale of 1:10 000 and is the property of the Estonian Land Board 
(Estonian Land Board, 2001; 2016). The soil map covers the area of 43 
300 km², which is the whole territory of Estonia except the land under 
towns and settlements. The Estonian soil map database contains infor-
mation about the soil type (after ESC), soil texture, A-horizon thickness 
and classes of stoniness. 

The first step was to distinguish arable areas from other areas on the 
digital soil map by using the layer of fields from Agricultural Registers 
and Information Board. However, the entire arable area is too large for 
carrying out the methods. Therefore, a specific case of Tartu County in 
south-east Estonia was considered as an example to present the results on 
a map. Tartu County covers 6.9% of Estonia’s land surface and 35% of 
the counties area is in agricultural use (Astover et al., 2010).

Table 4. Descriptive statistics of the agrochemical survey dataset from Tartu County in 
2002–2004 (Agricultural Research Centre, 2016).

Soil code by ESC SOC, % A (cm) Physical clay content, %
Ko (n=4)a 1.62b ± 0.17 24.88 ± 1.6 27.5 ± 5
KI (n=15) 1.56 ± 0.25 24.5 ± 7.1 24.33 ± 5.94
LP (n=11) 1.67 ± 0.33 23.64 ± 8.03 17.37 ± 4.67
Lk (n=1) 1.62 28 7.5
Kog(n=8) 2.06 ± 0.48 25.31 ± 1.53 27.5 ± 4.63
KIg (n=13) 1.78 ± 0.43 25.65 ± 2.13 25 ± 8.16
LPg (n=11) 1.98 ± 0.83 25.23 ± 1.6 21.36 ± 8.09
G (n=22) 2.66 ± 0.97 25.52 ± 6.9 32.73 ± 6.12

a – count, b – mean ± standard error
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Calculating SOC stocks

The next step was to predict SOC (%) and Db using three different 
approaches: median approach, linear regression and LMM (without krig-
ing). Models were fitted to 75% of the data and tested on a 25% sub data-
set. Then SOC stock was calculated based on Eq 1 while using predicted 
Db and SOC (%) values in the national SMN database. Additionally, 
SOC stock was also calculated by Eq 1 using available soil information in 
the national SMN database to compare the predicted SOC stock. Then, 
the models were applied on legacy soil map data to predict SOC and 
Db. Finally, the SOC stock was calculated based on these predictions for 
soil-type-based polygons. The results were visualized on the map using 
weighted averages for achieving a more general overview of the county: 1) 
weighted averages of SOC stock were calculated based on a grid (50*50 
m2); 2) a grid thematic map was produced by interpolating the weighted 
averages of SOC stock (inverse distance weighting interpolator). The GIS 
analysis was performed in MapInfo Pro (version 15).

4.6. Software

The environment for statistical computing R was used for all statistical 
analyses (R Core Team, 2015). In all of the papers, the extension pack-
age lme4 was used for the LMM analysis (Bates et al., 2015). LMMs can 
be fitted using also other statistical software (SAS, SPSS, Stata, HLM) 
(West et al., 2012). In paper III the extension packages nlme and spaMM 
were additionally used to extract the exponential and Matérn correlation 
parameters (Pinheiro et al., 2015; Rousset & Ferdy, 2014). Spatial pre-
dictions based on LMM were obtained using custom-made R functions 
(paper III). In paper II, the prediction using random forests was done 
with extension package randomForest (Liaw and Wiener, 2002).
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5. RESULTS

5.1. Soil characteristics

Mean observed Db values at plot scale ranged between 1.31±0.16 and 
1.65±0.10 g cm–3 depending on the soil type (Table 1 in paper I). Signifi-
cantly higher soil Db was in the sampling depth 21–30 cm and lower Db 
in the upper layer of the soil (3–10 cm) compared to other depths (Figure 
2 in paper I). The distribution of Db among texture classes indicated that 
Db was significantly higher in medium textures, i.e., loamy sand and 
sandy loam (Figure 3 in paper I). Plots with the sandy loam texture were 
the most represented in the dataset (n=5019; 49%) having the mean Db 
of 1.47±0.15 g cm–3 (0.82…2.09). Similar, although significantly higher 
Db values were observed in loamy sand with the average of 1.49±0.13 g 
cm–3 (0.82…2.01)

Mean SOC (%) ranged between 0.96±0.26% and 3.04±1.07% by soil 
type. More specifically, Gleysols and gleyic soils (G, Kg, Kog, KIg, LPg) 
had larger SOC (%) than automorphic soils (Kr, K, Ko, KI, LP, Lk) 
and soils formed on carbonate-rich parent material (Kr, K, Ko, KI) had 
greater SOC (%) compared to carbonate-free soils (LP, Lk) (Figure 1 in 
paper II).

5.2. Prediction models for Db

Validation of the three candidate models suggested that the LMM had 
better prediction accuracy compared to two other models. However, for 
comparison purposes both the LMM (Eq 2 in paper I) and model A (Eq 
1 in paper I) were further tested. The RMSE based on test dataset was 
the smallest for mixed model 0.09 g cm–3. However, model A had slightly 
higher RMSE of 0.11 g cm–3 with the limited predictive potential, strongly 
underestimating Db values above 1.6 g cm–3 and overestimating below 1.2 
g cm–3. The predictions based on combined mixed-effects prediction are 
more precise than the prediction without random effects (Figure 6 paper 
I). Among the random effects included in the LMM (Table 4 in paper I), 
year-specific site effects incorporate most variation (68% relative to the 
residual error). Most variation is associated with the residual error that is 
pertaining to the individual measurements within each survey plot. 
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5.3. Prediction models of SOC concentration

Four candidate models were fitted in the training data. Validation showed 
that the median approach had the poorest prediction accuracy as the 
observed and predicted values were not in good agreement (Figure 2a 
in paper II). The prediction accuracy for the ANCOVA was better than 
for the median approach with an RMSE of 0.48% (Table 1 in paper 
II). The random forests approach resulted in a RMSE of 0.42% (Figure 
7c in paper II). The permutation importance showed soil type with the 
highest rank (84%) following Cf content 54%, year 41% and A-horizon 
thickness 28%. The visual assessment of the agreement between observed 
and predicted SOC (%) values was similar for these three approaches 
(Figure 7a–c in paper II). Accurate predictions for higher SOC (%) i.e., 
over 4% were not achievable by these methods as the predicted values 
were too large.

Soil type explained most of the variation (>80%) in SOC (%) distribution 
in all of the tested models compared to A-horizon thickness, Cf content 
and year. The results of visual assessment between observed and predicted 
SOC (%) indicate a two-group pattern for all relationships in Figure 2 in 
paper II. SOC (%) values over 3% were more scattered around the line 
whereas lower SOC (%) values were more densely grouped. The range of 
predicted values from the LMM were 0.61–4.88% (observed range was 
0.27–5.98%), which was generally wider than the ranges of predicted 
values for the three other models (0.43–4.07%). 

Based on the validation of four models, the LMM (Eq 1 in paper III) was 
fitted into 75% of the dataset resulting in a RMSE of 0.22%. Observed 
values agreed well with LMM predictions (Figure 3 in paper II), although 
the spread around the one–to–one line was slightly larger compared to the 
validation of the LMM (Figure 2d in paper II): some observations for the 
former deviated substantially from the line. The deviating observations 
were mainly from Gleysols with observed SOC (%) of more than 3.7%. 

5.3.1. Using site spatial information for kriging

The sites in the national SMN database were provided with coordinate 
information and the LMM was fitted into the entire dataset for kriging 
purposes. The fixed effect part of the model was the same as above. The 
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mixed model-based kriging approach as proposed in paper III was not 
applicable for Db prediction as there was no single random effect that 
accounted for the majority of the variation in Db. The estimated vari-
ance components for the random effects are shown in Table 2 in paper 
III. Amongst the two tested correlation structures, the exponential cor-
relation structure proved to be statistically significant with the estimated 
nugget and range equal to 0.23 and 10.5 km, respectively (paper III).

LMM-based kriging was used on a new dataset from Tartu County (sec-
tion 4.1). The two-step approach for kriging resulted in a RMSE of 
1.06%. There was a very modest gain in using the spatial information 
in the data as the RMSE for the predictions based only on fixed effects 
resulted in a RMSE of 1.07% reflecting that predictions on new sites are 
limited with this model. 

5.4. Combining predictions of separate SOC (%) and Db models  
to calculate SOC stock

In the median approach, the median values of SOC (%) and Db were 
obtained according to unique soil type – texture combinations. The MLR 
model for soil Db is model A (Eq 1 in paper I) and ANCOVA model 
for SOC (%) contained Cf content, soil type and A-horizon thickness 
as predictors. The LMMs were Eq 2 in paper I and Eq 1 in paper III for 
Db and SOC (%), respectively. The smallest RMSE was achieved by the 
LMM for both soil properties, corresponding to an RMSE of 0.07 g cm–3 
for Db and 0.17% for SOC (%) (Figure 2).

The results are in accordance with the separate analysis of Db and SOC 
prediction models: median approach and linear regression models pro-
duce relatively the same size of RMSE whereas the LMM predicts more 
accurately. The largest gain in prediction accuracy was achieved by the 
LMM for SOC (%). This can be explained by the LMM methodology 
incorporating more sources of variation which are left unexplained by the 
three selected predictor variables in ANCOVA model. In case of predict-
ing Db, the gain in prediction accuracy was not as large as was in SOC 
(%) because of larger inherent variation in these data.

Plotting the calculated SOC stock values against the predicted SOC stock 
values, the LMM produces a very good agreement between the values 
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Figure 2. Comparison of root mean square error for predicting Db and SOC (%) using 
three different prediction methods: median approach, linear regression and linear mixed 
model.

Table 5. Predicted mean and calculated root mean square error of SOC stock in three 
different prediction methods.

Mean, t C ha–1 RMSE, t C ha–1

Median approach 65.7 19
Linear regression 64.3 22
Linear mixed model 70.8 7

indicating that the LMM provided the best prediction accuracy among 
selected methods (Figure 3; Table 5). The results for the median approach 
indicated that the predictions over 75 t C ha–1 are underestimated as the 
predictions have shifted below the one-to-one line. The linear regres-
sion results also showed a good fit. However, similarly to the median 
approach, SOC stock over 75 t C ha–1 was underestimated.

The spread around the one-to-one line was small for the LMM-based 
prediction (Figure 3) resulting in the best prediction accuracy with the 
smallest RMSE, 7 t C ha–1 (Table 5). For soils with potentially larger SOC 
stock the prediction based on the LMM seems to be promising.

The prediction accuracy and the mean predicted SOC stock per ha was 
the lowest for linear regression approach with the mean of 64.3 t C ha–1 
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Figure 3. Calculated and predicted values of SOC stock (t C ha–1). 

and RMSE 22 t C ha–1. Smaller RMSE was obtained for median approach 
compared to linear regression. Three times better prediction accuracy 
was achieved with LMM approach. It is worth noting that the kriging 
approach had not been incorporated and, hence, the prediction accuracy 
might even be improved more. Additionally, the predicted mean SOC 
stock was the highest by the latter method, 70.8 t C ha–1, reflecting 
an underestimation of the mean by the median and linear regression 
model.

�

�� ��� ��� ����

��

���

���

���

��
��

��
��

��
��

�
���

��
��

��
��

��
��

��
��

��
��

��
�

���
��

��
��

��
��

���������������

�

�� ��� ��� ����

��

���

���

��� �����������������

���������������������������

�

�� ��� ��� ����

��

���

���

���

��
��

��
��

��
��

�
���

��
��

��
��

��

�����������

���������������������������

�

�� ��� ��� ����

��

���

���

���

��
��

��
��

��
��

�
���

��
��

��
��

��
��

��
��

��
��

��
�

���
��

��
��

��
��

���������������

�

�� ��� ��� ����

��

���

���

��� �����������������

���������������������������

�

�� ��� ��� ����

��

���

���

���

��
��

��
��

��
��

�
���

��
��

��
��

��

�����������

���������������������������



37

0 20

kilometres

Scale: 1:428 500

5.5. Model application: a case study of Tartu County

The LMM-based prediction model for SOC (%) (Eq 1 in paper III) 
fitted to 75% of the data was used for predicting the SOC (%) values 
in the mineral soils of Tartu County as the model yielded in the small-
est RMSE – 0.22%. Predictions at new sites were based on neighboring 
sites (Eq. 5 in paper II) available in the national SMN dataset (Rooma, 
Kõpla, Vorbuse, Hünoneni, Metsakikka, Krõõla 1, Krõõla 2 and Tamme) 
(Figure 4). 

Generally, the LMM-predicted SOC (%) values agree well with the 
known mean of SOC (%) by soil types as the soils formed on carbonate 
rich parent material have higher mean SOC (%) (Table 6). However, the 
predicted SOC (%) in gleyic soils is similar (KIg, LPg) or lower (Kog) 
compared to the same soil type in automorphic conditions. Gleysols have 
the highest SOC (%) as expected. Distinctively misleading values can be 
seen for eroded soils (slightly eroded E1 and moderately eroded E2 soils), 
as slightly eroded soils generally should have higher SOC (%) levels than 
moderately eroded soils. 

Figure 4. Arable fields (shown in grey color) and sites from the National Soil Monitor-
ing network in Tartu County. 
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The map with the predicted SOC (%) (weighted averages) on mineral 
soils show the local differences in SOC (%) (Figure 4 in paper II). The 
predicted SOC (%) ranged from 0.6 to 4.8%, indicating large soil cover 
heterogeneity. Most of the arable soils in Tartu County have 0.8–1.2% 
SOC in humus horizon however, soils with SOC (%) above 2% are very 
rare reflecting the absence of gleyic soils.

The calculated SOC stock based on LMM prediction for Db and SOC 
(%) properties was also implemented in the Tartu County data (Figure 5). 
Average estimated SOC stock of Tartu County is 54.8 t C ha–1 and total 
topsoil SOC stock 1.8 Mt in humus horizon of arable mineral soils 
(Table 7). Most of the SOC is stored in gleysols, deluvial and pseudopod-
zolic soils in Tartu County. In addition, gleyic pseudopodzolic and gleyic 
eluvial soils are widespread in the County however they store 2.5–5 times 
less SOC. Gleysols have the highest average SOC stock 103.7 t C ha–1 
and pebble rendzinas the smallest average SOC stock 35 t C ha–1.

Table 6. Linear mixed model predicted topsoil SOC (%) values for mineral soils in 
Estonian Soil Map in Tartu County.

Soil type RMSE Mean Median Min Max
Kr 0.28 1.47 1.56 0.91 1.77
K 0.16 1.27 1.30 1.05 1.50
Ko 0.19 1.24 1.25 1.12 1.41
KI 0.07 1.22 1.24 0.99 1.62
LP 0.03 1.16 1.15 0.99 1.46
Lk 0.16 1.09 1.11 0.86 1.18
Kog 0.59 1.22 1.21 1.03 1.39
KIg 0.25 1.41 1.4 0.96 1.60
LPg 0.15 1.19 1.15 0.95 1.96
G 0.92 3.24 3.35 2.41 4.88
E1 0.2 1.17 1.19 1.04 1.54
E2 0.55 1.25 1.24 0.52 2.44
D 0.48 1.44 1.24 0.79 3.14
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Figure 5. Estimated SOC stock (t ha–1) based on linear mixed-model predictions in 
humus horizon of mineral soils (SOC concentration <6%) in Tartu County.

Table 7. SOC stock in humus horizon of mineral soils in Tartu County according to 
soil groups after Estonian Soil classification.

Soil group Area (ha) SOC stock (t ha–1) Total SOC
stock (kt)Min Average Max 

Kr 53 23.7 37.2 54.5 1
K 318 6 36 71 18
Ko 2 753 3.5 41.6 67.2 66
KI 8 124 3.5 42.1 68.3 82
LP 28 794 2.6 40.3 121.7 260
Lk 2 849 7.8 37.1 60.3 67
Kog 2 437 14.4 37.6 59.6 17
KIg 11 416 8.7 46.7 82.6 101
LPg 14 802 2.8 38.9 92.1 106
G 11 026 5.7 103.7 266 521
E1 2 825 7.1 36.3 131.8 131
E2 1 907 1.7 37 80.8 133
D 2 975 23 92.5 304 330
Total 90279 1834

SOC stock in humus horizon, t ha–1

170
130
85
75

65
55
45
25
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6. DISCUSSION

6.1. Comparison of prediction models

The national SMN of Estonia is an example of a hierarchical data sampling 
scheme as each of the monitoring site was divided into four transects with 
ten sampling points on each transect. In the thesis, several types of predic-
tion models were compared: median approach, linear regression models, 
LMM and random forests. Same methods have been used many times 
in similar studies in the soil literature (e.g., Grimm et al., 2008; Gray et 
al., 2009; Meersmans et al., 2009a; Talaab et al., 2013). However, LMMs 
have not been used that often. The main advantages of median approach 
and linear regression are ease of application, flexibility, interpretability 
of parameter and availability on statistical software’s (Vittinghoff et al., 
2005). Additionally, they can outperform complicated models in case few 
data points are available (Hastie et al., 2009). Although these benefits 
seem to be much less compelling as more sophisticated methods with 
more powerful computers are available, the approaches were retained for 
comparison with previous studies. LMM is a flexible method in case of 
correlated data. A major advantage compared to linear regression and 
median approach by the inclusion of random effects and allowing the 
modelling of variety of correlation patterns. Consequently, the LMM 
framework allows understanding of the soil processes by describing the 
underlying soil mechanism via fixed effects while including the spatial 
correlation of soil properties via random effects (Lark, 2012). In recent 
years random forests have become increasingly popular in prediction of 
soil properties (Grimm et al., 2008; Wiesmeier et al., 2011; Were et al., 
2015). Random forests represent supervised learning algorithm combin-
ing random decision trees with bagging (Breiman, 2001). The advantages 
of the method are the large number of predictor variables used in tree 
constructing, less overfitting producing higher prediction accuracy and 
fast runtime (Breiman, 2001). However, due to the black-box nature of 
the method the relationship between the response and the predictor vari-
able is difficult to interpret. 

Comparison of prediction models for soil Db and SOC (%) showed that 
the best prediction accuracy was achieved by LMMs. However, the dif-
ference between RMSE was smaller between the Db prediction models 
compared to SOC (%) prediction models as the relative improvement of 
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the RMSE was 25% for Db and ~50% for SOC (%) comparing LMM 
to other studied models. Nevertheless, the observed values where in bet-
ter accordance with the predicted values for LMMs showing that other 
approaches over- and underestimated lower and higher Db or SOC (%) 
values. In view of the hierarchical structure in the Estonian national SMN 
database it is not surprising that the LMMs lead to improved prediction 
accuracy as the competitor models did not incorporate any nested struc-
ture. Ignoring the hierarchical structure or in other words neglecting 
the correlation structure present in the data and simply using a linear 
regression model will often lead to a misjudgment of the actual amount 
of information available in the data such as underestimation of the SOC 
stock. 

The comparisons with similar studies in SOC (%) or Db prediction are 
scarce in terms of prediction quality measures (RMSE, MSE) or stratifica-
tion of their dataset to training and validation; although these shortcom-
ings have decreased in recent years. Some studies have used stratification 
of their data and quality measure like RMSE, mean error or R2 of their 
models for estimating the prediction accuracy (e.g., Gray et al., 2009; 
Meersmans et al., 2011; Botula et al., 2015) however this is not a rule 
of thumb in validating prediction results (Bell & Worall, 2009). The 
usability of proposed models is sometimes difficult as the descriptive 
statistics of soil properties under prediction have not been given (e.g., in 
Gray et al., 2009). It can be reported that random forests produced higher 
prediction accuracy on SOC (%) in this thesis (RMSE 0.42%) compared 
to other studies (Table 8). However, the MLR prediction accuracy in 
Belgian mineral soils (Meersmans et al., 2011) was better compared to 
Estonian mineral soils (RMSE 0.48%). The MLR approach for soil Db 
prediction yielded in a RMSE of 0.11 g cm–3 in Estonian mineral soils. 
Similar results were obtained by multiple studies (Table 8). Until 2007 
most of the studies in Db prediction used linear regression techniques but 
due to the data availability from satellite imagery and digital elevation 
models algorithmic approaches like RF-s, regression trees and ANN-s 
have become more used (Martin et al., 2009; Taalab et al., 2013, 2015; 
Adhikari et al., 2014; Sequeira et al., 2014). Therefore, landscape vari-
ables, digital elevation model and soil maps have been used instead of 
measured soil properties (Taalab et al., 2013, 2015; Adhikari et al., 2014). 
LMM has been used in Db prediction for identifying the optimum sam-
pling requirement (Lark et al., 2014) resulting in this field-scale study 
with the RMSE smaller than reported in this thesis. Similar prediction 
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Table 8. Root mean square error of median approach, linear regression model, linear 
mixed model and random forests in other soil studies.

Response Prediction 
method

RMSE Reference Remarks

SOC (%) Random 
forests

0.33–1.72 Grimm et al., 
2008

RMSE from subsoil to top-
soil; tropical soil

SOC (%) MLR
Decision tree
Median

1.45
1.50
1.57

Gray et al., 
2009

Topsoil; global dataset: 
climate, topography and 
parent material as predictor 
variables

SOC (%) MLR 0.39 Meersmans et 
al., 2011

SOC (%) Random 
forests

0.56–0.80 Akpa et al., 
2016

RMSE from 15–30 cm to 
0–5 cm depths

SOC (%) MLR 0.35 Xin et al., 2016
Db MLR 0.10–0.17 Kätterer et al., 

2006
topsoil, different predictors

Db MLR 0.19 Benites et al., 
2007

Db MLR 0.15 Tranter et al., 
2007

Db MLR 0.11–0.17 Hollis et al., 
2012

RMSE from subsoils to 
topsoils of mineral horizon

Db LMM 0.05 Lark et al., 
2014

PTF for 2.5–7.5 cm soil 
depth

Db MLR 0.13 Wang et al., 
2014

Db MLR 0.13 Botula et al., 
2015

Highly weathered soils,  
different land use

accuracy with Lark et al. (2014) was achieved by Martin et al. (2009) with 
gradient boosting algorithm. 

The LMM approach was extended with the kriging option to utilize 
the spatial correlation structure available in the data. However, this was 
only done for the SOC (%) prediction model as the site effect was the 
dominant effect amongst other random effects (describing 86.8% of vari-
ation). Whereas in Db prediction model, most of the variation was from 
the residual error associated with the individual measurements within 
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each survey plot. Nevertheless, only a small gain was achieved in predic-
tion accuracy by the mixed model-based kriging as the validation data 
was not designed for the purpose and moreover the sampling scheme was 
different from the training dataset. This finding clearly emphasizes the 
need for using prediction models appropriate for the data structure. 

It was important to choose the predictor variables in models according 
to the compatibility of Estonian Soil Map as one of the major benefits 
of having predicted SOC (%) and Db values is to create new map layer 
with SOC stock. SOC stock is an important soil characteristic in soil 
quality and global climate aspects. At first the SOC stock were calculated 
based on predicted variables and data from the national SMN database. 
The estimated SOC stock was different between prediction methods. 
Again the LMM provided prediction with the smallest RMSE of 7 t 
ha–1 what can be expected as the separate models for Db and SOC were 
also best with the LMM. Although no similar comparison cannot be 
made from the literature, other studies where SOC stock was directly pre-
dicted from a set of variables showed prediction accuracy with fairly the 
same magnitude (Wiesmeier et al., 2011, 2014). However, Martin et al. 
(2014) achieved 2–3 times smaller RMSE with a black-box model predic-
tions. Therefore the question whether to use a single model or combined 
approach to assess SOC stocks still remains but in the present case no 
large discrepancies can be noted. Taalab et al. (2013) studied the differ-
ences in SOC stock estimation when Db is predicted with random forests 
or considered as point-based value and soil group mean Db value. Their 
results showed that using RF-predicted Db values the SOC stock was 
underestimated the Db whereas stratified mean value of Db overestimated 
the measured SOC stock. Meersmans et al. (2008) compared mean and 
models approach in SOC stock prediction and showed a 10.11% differ-
ence between them with mean approach producing smaller SOC stock. 
Meersmans et al. (2009a) concluded that SOC stock near the surface soil 
is determined by land use and soil type. Consequently, in case models are 
developed on various land uses, the prediction models generally include 
land use as a predictor.

To add value to the legacy soil data and make the predictions results 
more available they were implemented to Estonian Soil Map. Integrat-
ing prediction results to maps provides a tool for analyzing SOC stock 
spatial patterns for decision making (e.g., Meersmans et al., 2009a). The 
predicted SOC and Db values enabled to produce the first estimation 
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of Tartu County SOC storage in mineral soils of arable land. So far the 
gross total SOC stocks of Estonia under different land use types has been 
estimated (Kõlli et al., 2010) but no detailed map in this large-scale soil 
map has been produced. SOC stock calculated on soil-type-based poly-
gons show the regional differences and heterogeneity in soil cover over 
a relatively small region of Estonia. Nevertheless the framework starting 
from the prediction methodology to implementing the results into soil 
map can be used in entire Estonia to estimate the arable land SOC stock. 
Also this methodology can be applied in other similar pedo-ecological 
conditions.

6.2. Limitations and perspectives

One of the limitations of applying the same methodology in other con-
ditions is certainly the accumulation of errors that are introduced by 
separately predicting Db and SOC (%) values. Additionally, the measure-
ment errors in the predictor variables can influence the outcome as in 
this case only laboratory and sampling data were used of which the latter 
are highly dependent on the expertise of the experimenter. Any of these 
factors can introduce uncertainties to the estimates. 

Another limitation to the predictions comes from lack of representative 
data on specific soil types and textures. Specifically, soils with heavier 
texture and some soil types (e.g., eroded soils) were less represented in the 
national SMN database compared to others. Therefore, the predictions 
for the Soil Map database significantly overestimated SOC (%) and stock 
for slightly and moderately eroded soils. Similarly, organic soils (culti-
vated) were not used although the amount of carbon stored in Histosols 
is highly relevant in terms of climate change. More precise predictions 
could be achieved by using land management history in predictive mod-
elling. Although these data were not available for national SMN database, 
the results in papers I, II, and III clearly indicated the necessity to include 
more variables as the site and year effect on SOC (%) was large in LMM 
and RF approaches. Therefore it can be assumed that crop rotation, fer-
tilizers, soil management and also climate of the year could improve the 
predictions. For better understanding of climate effect and time (year 
effect) dynamic SOC models are useful. So it’s a perspective to analyze 
SOC status of Estonian mineral soil using dynamic models instead of 
static one used now. Another perspective is to predict SOC (%) and stock 
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in mineral soils under permanent and temporary grassland, organic soil 
and also soils under forest as the data are available in Estonian condi-
tions. Similarly, as soil store SOC (%) in deeper horizons, the prediction 
of SOC (%) and stock in entire soil profile will produce more accurate 
results. Additionally, summing up all the SOC stocks from different land 
uses would enable to estimate the SOC status of the entire country.

Spatial scale of the predictions has to be treated with care. As was shown, 
the kriging approach didn’t improve the prediction substantially. This is 
not surprising as the monitoring sites are not scattered randomly over 
Estonia but form smaller regions which are very distant form each other. 
Therefore, the predictions at new sites are limited with this model. Per-
haps a wider spatial cover of sites could improve the predictions. Another 
perspective can be including more recent national SMN data to model-
ling and propose a single model for predicting SOC stock from available 
soil parameters matching with the Soil Map database. Also, the inclusion 
of topographic and climatic data to LMM model could improve the 
predictions. Moreover, development of a black-box model for predicting 
SOC with measured soil properties and data from digital elevation model 
and climatic variables. Even in the other studies this approach has been 
rarely used and is worth of investigating.

SOC stock is only one of the possibilities to use the developed predic-
tion models for SOC (%) and Db. Other applications can be related to 
soil management decisions – compaction, modelling soil N content and 
through that yield models and optimization of fertilizer rates. SOC is 
related to soil nitrogen and is therefore directly related to yield models, 
optimization of nitrogen fertilizer rates which are important in crop and 
environmental science (e.g., Kukk et al. (2011) used soil nitrogen con-
tent derived from soil map to model biomass yield of reed canary grass). 
Astover et al. (2006) demonstrated how N fertilization can be optimized 
based on field-specific humus (organic carbon) concentration. Synthesiz-
ing the study by Astover et al (2006) with current thesis provides a basis 
for developing spatial decision support system for sustainable soil use.
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7. CONCLUSIONS

The key findings and conclusions of the present thesis may be summa-
rized as follows: 

• Amongst the predictor variables in Db prediction models simple 
regression model overestimated the importance of SOC (%). The 
linear mixed model approach revealed that after SOC (%) most of 
the systematic variation in the data can be attributed to sampling 
depth and Wc. However, both of these predictors are rarely used in 
Db modelling studies and therefore the findings in the present the-
sis suggest that the inclusion of these parameters could significantly 
improve the predictions.

• In SOC (%) prediction models soil type had the controlling effect 
on predictions in linear regression, random forests and linear mixed 
model. Other tested variables (Cf content, A-horizon thickness) 
showed a marginal but significant impact on SOC (%) prediction.

• Large part of the random variation associated with Db resulted from 
residual error related to the individual measurements within each 
survey plot indicating to the sampling methodology and the lack of 
information on land use history. However, in SOC (%) prediction 
most of the variation was found between sites showing that SOC (%) 
is more variable between sites. 

• Comparison of different methods showed that the linear mixed model 
for SOC (%) and Db resulted in the highest prediction accuracy 
(RMSE 0.22% and RMSE 0.09 g cm–3). Random forests represented 
the black-box models and achieved two times lower prediction accu-
racy – RMSE 0.42%. However, the latter method amongst with the 
linear regression methods under- and overestimated soil properties 
with higher or lower values. The linear mixed model managed to 
incorporate different types of variations exposed by the monitoring 
design. Nevertheless, linear mixed model-based predictions are scarce 
in the literature; however, in some cases the data sampling scheme 
is suitable for using this method and then it is strongly advisable to 
use it as the predictions can be otherwise misleading.
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• The linear mixed model approach enables to use kriging for utilizing 
the spatial information available in the data by coordinates of the 
sites. Mixed model-based kriging for SOC (%) had a very modest 
gain in prediction accuracy. This can be explained by the validation 
data not designed for the purpose of prediction and moreover the 
sampling scheme was different from the training data. 

• The predicted Db and SOC (%) using median approach, linear 
regression and linear mixed model were used to estimate the SOC 
stock in mineral soil of arable land in national SMN database. The 
best prediction accuracy was achieved by the mixed model-predicted 
values resulting three times higher RMSE of 7 t C ha–1 compared 
to other methods. Thus, the linear mixed model-based SOC stock 
estimation was implemented into Estonian Soil Map data to observe 
spatial pattern of SOC stock in mineral soil of arable land in Tartu 
County. Average estimated SOC stock of Tartu County is 54.8 t C 
ha–1 and total topsoil SOC stock of mineral arable soils 1.8 Mt.

• The methodology outlined in this thesis for improving prediction 
models is general and applicable to situations with more candidate 
models in similar data structures. The methodology can be success-
fully used to renew existing legacy soil data and use it efficiently 
addressing current scientific and practical soil use questions.
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SUMMARY IN ESTONIAN

Mineraalsete põllumuldade orgaanilise süsiniku ja lasuvustiheduse 
statistilised prognoosimudelid

Mullateaduses on viimastel aastatel hakatud suurt tähelepanu pöörama 
pärandandmetele. Nendeks peetakse eelmiste põlvkondade kogutud and-
meid mullaomaduste kohta. Sellised andmed võivad esineda mitmesu-
gusel kujul: mullaseire/uurimisalade aruanded või andmebaasid, mul-
lastikukaardid, mullaprofiili kirjeldused jm (Odeh et al., 2012). Mulla 
pärandandmete digiteerimine ja andmeanalüüs võimaldaks seda teavet 
senisest tõhusamalt otsustusprotsessidesse kaasata. 

Ka Eestis on aastakümnete jooksul rohkelt mullaandmeid kogutud, ala-
tes riiklikust põllumuldade seirest, muldade suuremõõtkavalisest kaar-
distamisest ja agrokeemilisest seirest ning lõpetades püsiuurimisalade ja 
põldkatsetega. Nende mahukate andmekogude puhul on peamiselt piir-
dutud vaid kirjeldava statistika koostamisega, kuid need sobiksid ka uute 
andmekihtide modelleerimiseks ja aitaksid nii kaasa nüüdisaegse Eesti 
mullainfosüsteemi loomisele.

Mulla orgaanilise süsiniku sisaldus ja lasuvustihedus on olulised mulla 
seisundi näitajad, eriti põllumajanduse seisukohast. Mulla orgaanilise 
süsiniku sisaldus mõjutab mulla viljakust, huumusseisundit ja selle kaudu 
ka saagipotentsiaali. Orgaaniline süsinik parandab mulla struktuursust 
ja veehoiuvõimet, suurendab toiteelementide neelamisvõimet, varustab 
taimi toiteelementidega ning on mullaelustiku orgaanilise toidu allikas. 
Üleilmsel tasandil talletab muld kaks korda rohkem süsinikku kui atmo-
sfäär ja kolm korda rohkem kui taimed, olles seega tähtis tegur kliimamuu-
tuste kontekstis (Batjes, 1996). Mulla lasuvustihedus on mulla talitlusi 
reguleeriv füüsikaline omadus, mille järgi hinnatakse mulla tihenemist 
ja põllumajandustehnika tekitatud masindegradatsiooni. Peale selle, et 
mulla orgaanilise süsiniku sisaldus ja lasuvustihedus on iseenesest olulised 
mullanäitajad, on neid vaja ka mulla süsinikuvaru arvutamiseks.

Alati ei ole otstarbekas ega majanduslikult võimalikki kõiki mulla näi-
tajad otseselt mõõta. Seetõttu on kasutusele võetud mulla seosefunkt-
sioonid, mille abil leitakse mulla näitajad teiste, lihtsamini mõõdetavate 
näitajate kaudu (McBratney et al., 2002). Maailmas on mitmesugused 
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pedomeetrilised uurimissuunad (matemaatilised ja statistilised meetodid 
mullateaduses) väga populaarsed, sest nüüdisaegsete (geo)infosüsteemide 
võimalused loovad aluse tõhusaks andmetöötluseks ja -esituseks. 

Mullaseires toimub andmete kogumine kindla skeemi järgi ja jaguneb 
üldjoontes kaheks: juhuslik või mittetõenäosuslik (nt. kindlaksmäära-
tud võrgustiku või transektide järgi). Andmete kogumise meetod määrab 
statistilise andmeanalüüsi meetodi. Kuigi on olemas arvestatav kogus eri-
nevaid prognoosimudeleid nii lasuvustihedusele kui orgaanilise süsiniku 
sisaldusele, siis paraku ei ole soovitav ega isegi võimalik neid mudeleid 
kohaldada teistes pedo-klimaatilistes tingimustes. Sageli on see tingitud 
sellest, et rahvuslikud pärandandmed tuginevad kohalikule mulla klassi-
fitseerimise süsteemile. Seetõttu on jätkuvalt vajalik väljatöötada regioo-
nispetsiifilisi mudeleid, mis ühilduksid kohaliku mullastikukaardiga.

Doktoritöö eesmärk oli välja töötada metoodika, mille abil prognoosida 
põllumuldade huumushorisondi orgaanilise süsiniku sisaldust (artikkel 
II, III) ja lasuvustihedust (I) lihtsamini mõõdetavate ja kättesaadavamate 
näitajate põhjal. Samuti oli tähtis, et mudelid ühilduksid Eesti suuremõõt-
kavalise mullastikukaardiga, mis võimaldaks üldistada prognoosimudelite 
tulemusi ja teha näiteks üle-eestilisi maakasutusotsustusi. Ühtlasi hinnati 
mudelite põhjal arvutatud süsinikuvaru. Doktoritöös kasutati põllumul-
dade seire (Kokk & Lehtveer, 1995; KKM, 2008) ja Eesti suuremõõtka-
valise mullastikukaardi (1 : 10 000) andmestikku (Maa-amet, 2016) ning 
loodi sel moel lisandväärtust olemasolevatele pärandandmetele.

Prognoosimudelite koostamiseks kasutati Eesti põllumuldade seire and-
mestikku peamiselt aastatest 1983–1994. Andmestikus on 90 vaatlusväl-
jakut, mille sees on neli paralleelset transekti kümne vaatluslapiga. Seega 
on põllumuldade seire proovid kogutud süstemaatilise mittetõenäosus-
liku meetodiga ning saadud andmestik on hierarhilise struktuuriga. Igal 
vaatluslapil mõõdeti huumushorisondi tüsedus ja võeti keskmine mulla-
proov. Seirealad olid peamiselt künnipõhises teravilja külvikorras. Model-
leerimisel kasutati ainult põllumuldade huumushorisondi andmeid ning 
algandmetest võeti valimisse orgaanilise süsiniku sisalduse näitajad vahe-
mikus 0,6–6% (Tjurini meetod). Paralleelselt võeti lasuvustiheduse ja 
niiskusesisalduse proovid neljast sügavusest. Mulla mehaanilised osakesed 
jaotati lõimiserühmadesse Katšinski süsteemi järgi, milles füüsikaline savi 
on määratletud kui osakesed suurusega alla 0,01 mm. Krigingu meetodi 
kontrolliks kasutati ka Tartu maakonna agrokeemilise seire andmestikku 
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aastatest 2002–2004 (Põllumajandusuuringute Keskus, 2016). Prognoo-
simudelite tulemused seostati Eesti suuremõõtkavalise mullastikukaar-
diga Tartu maakonna näitel. 

Prognoosimudeliks nimetatakse statistilist mudelit, mis ennustab uuri-
tava tunnuse väärtusi, kasutades argumenttunnuseid ehk faktoreid. 
Mullaseire andmestik jagati prognoosimudelite loomiseks juhumeetodil 
kolme ossa: 50% mudeli loomiseks, 25% mudeli kontrollimiseks ja 25% 
mudeli katsetamiseks. Lõplik mudel leiti 75% andmestiku põhjal ning 
ruutkeskmine viga ennustatud ja mõõdetud väärtuste vahel esitati 25% 
andmestikule. Kasutades mitut andmestikku, saab vältida niihästi liiga 
optimistlikke järeldusi prognoosi täpsuse kohta kui ka prognoosi täpsuse 
alahindamist. Parim prognoosimudel oli väikseima ruutkeskmise veaga. 
Ruutkeskmist viga on lihtne tõlgendada, sest ühik kattub uuritava tun-
nuse ühikuga.

Töös kasutati nelja staatilist mudelit. Mediaanipõhise meetodi järgi 
arvutati mediaan orgaanilise süsiniku sisaldusele ja lasuvustihedusele 
(süsinikuvaru arvutamisel) olenevalt mullaliigist ja lõimisest. Lineaarse 
regressioonanalüüsi puhul kasutati mitmest regressiooni lasuvustiheduse 
mudelis ja kovariatsioonanalüüsi orgaanilise süsiniku sisalduse mudelis. 
Kolmas, mullateaduses vähem kasutatud mudel oli lineaarne segamudel, 
milles faktorid jaotatakse fikseerituteks ja juhuslikeks. Selles saab mõõde-
tud faktorite kõrval arvestada ka otseselt mittemõõdetud faktoreid ning 
andmete korduvmõõtmisi. Viimane prognoosimudel, juhumets, kuulub 
andmekaevandamise rühma. Juhumets koosneb otsustuspuude kogumist 
ning need saadakse argumenttunnustest moodustatud valimitest. Juhu-
metsa puhul otsitakse ja modelleeritakse seaduspärasusi ning otseseid seo-
seid tunnuste vahel kirjeldada ei saa.

Analüüsi tulemusena selgus, et täpseima prognoosiga on nii orgaanilise 
süsiniku kui ka lasuvustiheduse puhul segamudel. Lasuvustiheduse sega-
mudeli puhul oli ruutkeskmine viga 0,09 g cm–3 olles seega 25% väik-
sem võrreldes lineaarse regressiooniga. Orgaanilise süsiniku segamudeli 
prognoos paranes võrreldes teiste mudelitega veelgi rohkem ehk ca 50% 
ruutkeskmise veaga 0,22%. Segamudeli eelis teiste lineaarsete meetodite 
ees oli korduvmõõtmistega arvestamine, mis tulenes mullaseire andmes-
tiku hierarhilisest struktuurist: vaatlusväljaku sees oli neli transekti ja igal 
transektil kümme vaatluslappi.
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Lasuvustiheduse segamudelis olid fikseeritud faktoriteks proovivõtusüga-
vus, niiskusesisaldus, füüsikalise savi sisaldus, orgaanilise süsiniku sisal-
dus, lõimis ja huumushorisondi tüsedus ning nende koosmõjud. Sega-
mudelis kirjeldas proovivõtusügavus kõige suuremat osa lasuvustiheduse 
süstemaatilisest varieeruvusest. Kirjanduses avaldatud varasemates uurin-
gutes on proovivõtusügavust kasutatud faktorina harva, ent käesoleva 
doktoritöö põhjal võib väita, et see on vajalik täpsemate prognoositule-
muste saamiseks. Samuti on vähe kasutatud proovivõtmisaegset mulla 
niiskusesisaldust, kuid segamudelis oli see statistiliselt olulise ja suure 
mõjuga ning sarnase tulemuse on saanud ka Yang et al. (2015) uuring. 
Juhuslikest faktoritest (vaatlusväljak, transekt, vaatluslapp, aasta, aasta ja 
vaatlusväljaku koosmõju) oli suurima mõjuga koguvarieeruvusele mudeli 
jääk. Järelikult on vaatluslappidelt võetud keskmiste proovide varieeruvus 
suur. See võib olla tingitud proovivõtu metoodikast ning faktoritest, mida 
pole olemasolevate juhuslike faktoritega arvestatud (nt. maakasutus). 

Orgaanilise süsiniku sisalduse segamudelis oli kolm fikseeritud faktorit 
(mullaliik, füüsikalise savi sisaldus ja huumushorisondi tüsedus) ning 
kuus juhuslikku faktorit (vaatlusväljak, transekt, vaatluslapp, aasta ja 
nende kombinatsioonid). Kõige suurema mõjuga fikseeritud faktor oli 
mullaliik (84% varieeruvusest) ning suurim juhuslik varieeruvus oli 
vaatlusväljakute vahel. Segamudelis on võimalik kasutada juhusliku fak-
tori ehk siinsel juhul vaatlusväljaku parima lineaarse nihketa hinnangu 
prognoosi (EBLUP) prognoositäpsuse suurendamiseks (III). Ruumilise 
autokorrelatsiooni kirjeldamiseks kasutati eksponentsiaalset variogrammi 
mudelit, mille ehe variatsioon oli 0,23 ja ulatus 10,5 km. Paraku sega-
mudeli ja krigingu kasutamine oluliselt ei suurendanud prognoositäpsust. 
Oluliseks limiteerivaks teguriks ruumilise analüüsi juures oli mullaseire 
vaatlusväljakute väike hajuvus kogu riigi territooriumil; nt Tartu maakon-
nas olid kõik mullaseire vaatlusväljakud samas piirkonnas. 

Viimases etapis arvutati põllumuldade süsinikuvaru, kasutades lineaarse 
regressiooni, mediaani ja segamudeli ennustatud lasuvustiheduse ja 
orgaanilise süsiniku sisalduse väärtusi. Oodatult oli täpseima prognoo-
siga segamudeli ennustatud väärtustel põhinev süsinikuvaru (RMSE = 7 
t C ha–1 ja keskmine süsinikuvaru 70,8 t C ha–1). Järgmisena leiti Eesti 
mullakaardile tuginedes Tartu maakonna põllumuldade huumushori-
sondi süsinikuvaru – 1,8 Mt. Kitsaskohana võib siinjuures välja tuua, et 
kuigi üldiselt ennustas segamudel hästi, polnud teatud mullaliikide puhul 
(näiteks erodeeritud mullad) tulemused ootuspärased. Nimelt hindab 
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mudel erodeeritud muldade süsinikusisaldust üle ja see on tingitud nende 
muldade vähesest esindatusest seireandmebaasis. Et juhuslikest faktori-
test oli orgaanilise süsiniku sisaldusele suurima mõjuga vaatlusväljak (st 
seirekoht), siis on tõenäoliselt võimalik prognoositäpsust parandada, kaa-
sates andmeanalüüsi täpsemaid andmeid konkreetse põllu maakasutuse 
kohta, nagu külvikord, väetiste kasutamine, mullaharimine jne. Ühtlasi 
oleks vaja ennustada uuritud näitajaid kogu mullaprofiili ulatuses, sest 
süsinikku on talletunud ka sügavamatesse kihtidesse. Huvitava võrdluse 
saaks rohumaade ja põllukultuuride prognoosimudelite tulemuste kõr-
vutamisel.

Mulla orgaanilise süsiniku sisalduse ja lasuvustiheduse mudeleid saab 
kasutada teistegi mulla omaduste hindamiseks, süsinikuvaru on vaid üks 
rakendusvõimalus. Näiteks saab neid rakendada maakasutuse hindami-
sel, mulla tihenemise uurimisel ja mulla lämmastikusisalduse modellee-
rimisel, mis on omakorda aluseks saagimudelitele ning väetamisnormide 
kujundamisele.

Mullaseire andmestikku kasutades andis parima lasuvustiheduse ja orgaa-
nilise süsiniku sisalduse prognoosi lineaarne segamudel, mis arvestas 
andmete struktuuri kõige paremini. Väljatöötatud metoodika võimaldab 
väärtustada mulla pärandandmeid ning kasutada neid tõhusalt aktuaal-
sete teaduslike ja praktiliste mullaspetsiifiliste küsimuste lahendamiseks.
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Soil bulk density (Db) is an important indicator of soil quality, site productivity and soil compaction and is
widely used as an input variable for various models. However, Db is often not determined during actual soil
surveys, and many attempts have been made to predict it from other more easily and routinely measured
variables. The aim of this study was to develop a predictive model for Db estimation for the humus horizon of
arable soils. In addition, we hypothesised that the mixed model approach would enable more accurate
predictions than the multiple regression model. Estonian National Soil Monitoring data (1983–2008) were
used for Db modelling. The dataset contains 17,293 entries for the humus horizon of Estonian arable soils.
Mixed model methodology and linear multiple regression analysis were used to develop prediction models.
Soil sampling depth, soil organic carbon and water content had the greatest effects on Db estimation. Db is
determined through interactions of explanatory variables, and their contribution to Db variation in mixed
model differs from variable contribution indicated by the simple regression model. We found that the
regression model overestimates the importance of SOC. The mixed model prediction was an improvement
compared to multiple regression models (MSE=0.009 compared to MSE=0.014). In addition, the predicted
values in the mixed model showed good agreement with observed values, while the multiple regression
model underestimated Db values above 1.6 g cm−3 and overestimated Db values below 1.2 g cm−3. We
conclude that the mixed model approach enables higher prediction accuracy than multiple regression
analysis. We propose a mixed model with 20 variables as a prediction model for the humus horizon of
Estonian arable soils. The methodology is also applicable for other soil conditions.

© 2011 Elsevier B.V. All rights reserved.

1. Introduction

Soil bulk density (Db) is widely used as an input variable in various
predictive and descriptive soil models. It is the primary soil physical
property and is used for weight-to-volume conversion, essential for
the assessment of soil nutrient pools and carbon stocks. Db affects site
productivity and is an indicator of soil compaction and porosity. Soil
compaction is studied due to its effects on several agricultural issues
including crop yields and quality reduction (Batey, 2009). Soil organic
carbon (SOC) has become increasingly interesting in the context of
climate studies because carbon sequestration into, and its release
from, soil carbon pools may influence global warming (Batjes, 1998;
Smith, 2004). Therefore, precise estimates of Db are essential for
reliably calculating SOC stocks at various scales.

Despite the importance of Db, it is often not determined in soil
surveys. Direct measurement of Db is considered to be labour-
intensive, time-consuming, tedious, and expensive. Thus, several
empirical functions have been developed to predict Db from more
easily collected physical and chemical soil data (e.g. Benites et al.,

2007; Heuscher et al., 2005; Kaur et al., 2002; Tranter et al., 2007). In
soil science, these predictive functions are usually termed pedotrans-
fer functions (PTFs), and they predict certain soil properties from
other easily, routinely, or inexpensively measured properties
(McBratney et al., 2002).

The systematic variation of Db is describedmostly by SOC and texture
(Benites et al., 2007; Bernoux et al., 1998; Heuscher et al., 2005;
Huntington et al., 1989; Kaur et al., 2002; Manrique and Jones, 1991;
Tomasella and Hodnett, 1998). Soil chemical properties have also been
showntobeof great importance for thedeterminationofDb (Benites et al.,
2007). Some studies have investigated the relevance of soil sample depth
and the suborder of the soil profile to Db estimation (De Vos et al., 2005;
Harrison and Bocock, 1981; Heuscher et al., 2005; Tranter et al., 2007).

Methods used for constructing PTFs for Db vary from basic
statistical methods to multivariate spatial statistics. Stepwisemultiple
linear regression has been commonly used (e.g. Benites et al., 2007;
Bernoux et al., 1998), although various other techniques are now
available. Tranter et al. (2007) concluded in their study that artificial
neural network and single regression tree models do not show
improved performance of models compared with the multiple linear
regression. On the other hand,Martin et al. (2009) found thatmultiple
additive regression trees improved the accuracy of Db predictions over
multiple regression methods. PTFs for Db have been developed for
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however, in 2008, a steel cylinder of 88.2-cm3-volume (d=5.3 cm,
h=4 cm) was used. Measured Db values correspond to the equilib-
rium Db because sampling was carried out at the end of the growing
season. Db values below 0.8 g cm−3 or above 2.0 g cm−3 were
excluded from this study, as they represent unreliable data for the
A-horizon in mineral soils. The gravimetric water content was
determined at 105 °C (% weight). The sampled soils were classified
according to the ESC; where approximate soil groups are given,
classifications were also based on the World Reference Base 2006
(WRB, 2006). The thickness of the A-horizon ranged from 12 to
100 cm; data were carefully investigated to ensure that the sampling
depth would not exceed the A-horizon thickness. The SOC concen-
tration was determined by Tjurin, based on wet digestion with acid
dichromate of carbon (Vorobeva, 1998), which is similar to the
Walkley–Black procedure (Walkley and Black, 1934). SOC values

above 6% (60 g kg−1) were excluded to eliminate samples in the
database that contained histic materials. Particle-size distribution of
fine earth was determined using the pipette method by Katchinski,
where physical clay is defined as the mass fraction of particles smaller
than 0.01 mm (Katschinski, 1956). According to the Katschinski
classification, the soils were classified based on their physical clay
(b0.01 mm) content as follows: those with less than 10.0% Cf were
classified as sand; from 10.1 to 20% as loamy sand; from 20.1 to 30.0%
as light loam; from 30.1 to 40.0% as medium loam; from 40.1 to 50.0%
as heavy loam; and soils with over 50.1% Cf were classified as clay. The
distribution of Db among texture classes indicates that Db decreases in
heavier textures (Fig. 3). These texture classes were used to ensure
that the developed models would be compatible with the encodings
used for the large-scale soil map of Estonia.

2.2. Statistical procedures

2.2.1. Mixed model methodology
The sampling scheme described in section 2.1 implies that there is

a hierarchical structure present in the data for each year: plots are
nested within transects, which are again nested within sites. We used
a mixed model approach to accommodate this hierarchical structure
in the statistical analysis.

As measurements from within the same transect are likely to be
more closely correlated than measurements from different transects,
we may need to use a model that allows for correlation between
measurements from the same transect. The presence of correlation
may reflect that various minor, unknown transect-specific factors
influence all measurements from a given transect. However, such
effects are not usually captured by any of the available explanatory
variables that have actually been recorded for this particular transect
(typically, the underlying factors may be entirely unknown to the
experimenter or may be very difficult to measure or quantify).

Fig. 2. Variation of soil bulk density by sampling depth (similar letters indicate
statistically insignificant differences, PN0.05).

Table 1
Descriptive statistics of soil properties used in modelling by soil groups.

Soil or soil association (WRB 2006 — approximate translation) Soil code by ESC Property

Db (g cm−3) Wc (%) A (cm) SOC (%) Cf (%)

Haplic Regosol (Calcaric, Hyperskeletic) — pebble rich rendzinas Kr 1.45±0.16a 16.1±5.7 26.6±4.6 2.13±0.66 26.3±5.2
(n=266)c 1.25…1.64b 8.6…22.2 21…32 1.48…3.21 18.3…31

Haplic Cambisol and Regosol (Calcaric, Endosceletic) — pebble rendzinas K 1.48±0.15 17.4±5.2 27.8±5.1 1.97±0.61 26.9±5.2
(n=3393) 1.30…1.66 10.9..22.9 22…34 1.33…2.66 21.1…34.2

Haplic Phaeozem (Calcaric) — typical brown soils Ko 1.48±0.14 17.5±4.8 27.4±4.0 1.6±0.37 24.0±5.2
(n=1594) 1.30…1.66 11.3…23.3 23…32 1.16…2.11 17.3…31.6

Cutanic Luvisol (Humic) — eluviated brown soils KI 1.49±0.12 16.7±5.3 28.5±5.1 1.49±0.37 21.1±4.8
(n=2443) 1.33…1.64 10…22.9 24…33 1.03…1.92 15.8…27

Umbric Stagnic Albeluvisol — pseudopodzolic soils LP 1.49±0.13 13.9±5.5 28.6±4.0 1.15±0.26 16.8±3.7
(n=3661) 1.33…1.65 6.4…20.5 25…33 0.88…1.50 13.1…19.9

Umbric Carbic Podzol — sod-podzolic soils Lk 1.53±0.1 15.2±3.6 29.3±4.5 1.01±0.18 10.7±3.2
(n=107) 1.41…1.64 10.5…17.9 26…33 0.85…1.17 8.1…15

Endogleyic Phaeozem — gleyic typical brown soils Kog 1.38±0.18 16.5±7.8 27.1±3.4 2.14±0.77 26.5±3.5
(n=756) 1.15…1.63 8.5…29.3 23…31 1.29…3.34 21.8…31.4

Endogleyic Cutanic Luvisol (Humic) — gleyic eluvial soils KIg 1.42±0.18 18.8±8.9 29.1±4.6 2.05±0.84 25.2±4.0
(n=1497) 1.17…1.65 8.3…31.8 25…35 1.22…3.42 21.5…29.9

Umbric Stagnic Endogleyic Albeluvisol — gleyic pseudopodzolic soils LPg 1.47±0.15 18.3±7.0 29.2±4.8 1.5±0.74 22.2±6.7
(n=943) 1.27…1.65 11.1…26.7 25…34 0.90…2.29 12.9…30.3

Luvic Mollic Spodic Gleysol — gleysols G 1.31±0.16 26.3±11.1 28.4±7.8 3.04±1.07 29.6±18.9
(n=2088) 1.09…1.49 12.3…40.5 21…36 1.64…4.47 6.9…60.4

Haplic Cambisol. Cutanic Luvisol. Umbric Albeluvisol slightly eroded E1 1.59±0.13 14.5±4.2 21.8±3.1 1.01±0.46 19.2±4.3
(n=185) 1.46…1.73 9…19.1 18…26 0.59…1.44 13.4…25

Slightly eroded soils
Aric Regosols (Eutric) moderately eroded — moderately eroded soils E2 1.65±0.10 14.5±2.4 18.8±3.2 0.96±0.26 21.3±3.2

(n=93) 1.50…1.78 11.6…17.8 14…22 0.60…1.30 18.4…24.9
Colluvic Regosol (Cumulihumic) — deluvial soils D 1.50±0.14 17.6±4.7 60.1±21.3 1.48±0.81 19.1±3.5

(n=233) 1.29…1.66 12.9…23.6 32…98 0.85…2.20 14.7…24.2

ESC— Estonian Soil Classification, Db— bulk density, Wc— soil moisture content in the moment of soil sampling, A— thickness of humus horizon, SOC— soil organic carbon content,
Cf — physical clay content (particles with diameter less than 0.01 mm).
a Mean±standard error.
b 0.1 decile…0.9 decile.
c Count.
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Similarly, we anticipate that correlation could also be present at the
plot and site levels. Moreover, we can even anticipate correlation that
is related to differences in agricultural practices or year-to-year and
site-to-site (within year) climate variations. Again, it may be very
difficult (or even impossible) to seek to quantify the factors that cause
such discrepancies. In other words, the hierarchical structure in the
data introduces several layers of replication and, as a result, the data
may exhibit unexplained variation not only in the individual Db
measurements, but also at transect, plot, and site levels. This
phenomenon is often referred to as pseudo-replication.

Ignoring the hierarchical structure (in other words neglecting the
correlation structure) present in the data, and simply using a multiple
linear regression model, will often lead to a misjudgement of the
actual amount of information available in the data and this may be
problematic for results based on estimation and hypothesis testing.
Therefore, in many situations, mixed models are the most suitable
statistical methodology for analysing complex data structures.

The mixed model approach handles correlation by assuming that
each transect, plot, or site (or any other grouping level) in the data
correspond to some random, but unobservable quantity, a so-called
random effect (e.g. if there are 90 sites in the database, there will be 90
site-specific random effects in the model). As a consequence, all
measurements within a specific transect, plot, or site share this
random quantity and therefore they are no longer independent of
each other but are correlated (Goidts et al., 2009).We note that within
the above framework, the correlation between any pair of measure-
ments is not adapted to any geographical or spatial information about
the measurements (i.e., the correlation is the same for a pair of
neighbouring sites as it is for two sites located far apart).

Another important consequence of introducing random effects is
that we assume that transects, plots, and sites present in the database
were chosen at random (or were sampled randomly) from represen-
tative collections (or distributions) of transects, plots, and sites in
Estonia. In practice, this assumptionmay be an idealisation that is only
satisfied approximately because of practical limitations in how the
sampling was carried out. However, it still means that the conclusions
and results based on the mixed model analysis are valid and can be
generalised to the entire populations from which samples in the
databasewere obtained. Such generalisations would not bewarranted
outside of the mixed model framework with the above assumptions
implicitly being in force.

Apart from the above considerations (which are related to the data
structure, that is, the experimental design), a mixed model can be
thought of in much the same way as multiple linear regression and
analysis-of-variance models. Therefore, the mixed model can be used
to describe average trends in the database as explained by a number of
categorical, and/or quantitative explanatory variables (which in the
context of mixed models are called fixed effects because they are

related to systematic or fixed patterns in the data that are believed to
be controlled by some available explanatory variable), but at the same
time, the mixed model makes appropriate adjustments for pseudo-
replication.

Ideally, the mixedmodel would also utilise coordinate information
by imposing a spatial correlation structure on the random effects
(Lark and Cullis, 2004). Thus far, we have assumed sites to be
independent, ignoring the fact that neighbouring sites may havemore
in common (e.g. they may share geological properties or land-use
characteristics) than sites that are further apart. Such similarities
between sitesmay decline or even disappear completely as the distance
between sites increases. For the present study, the assumption of
independence between sampling sites may be justified by the
widespread distribution of sites across Estonia. On a more practical
note, coordinate information is not yet available for the data reported in
this paper. Without coordinate information, no spatial correlation
structure can be included in the mixed model; this fact precludes us
from using kriging methods (Lark et al., 2006) and will have some
bearing on the waywe derive predictions. Below, we discuss prediction
in more detail.

2.2.2. Estimation and hypothesis testing
Our initial mixed model includes the following explanatory

variables: SOC, Wc, Cf, A-horizon thickness, texture, sampling depth,
and soil type as well as their combinations as fixed effects. Site,
transect, plot, year, and the site-year interaction were considered
random effects (Table 2). This model was fitted using maximum-
likelihood estimation, and the validity of the standard assumptions
about correctmean structure, variance homogeneity, and normality of
the all involved random effects was assessed using residual plots and
quantile–quantile plots of the raw residuals and the estimated
random effects (the so-called EBLUPs). Likelihood ratio tests were
used to simplify the fixed-effects part of the model as much as
possible by leaving out non-significant terms (e.g. stepwise backward
reduction). For the final model, parameter estimates are reported by
means of partial models that summarise the effects of the quantitative
explanatory variables as the categorical explanatory variables (e.g.
soil type and texture) change from one level to another. P-values
based on approximate t-tests were used to evaluate the statistical
significance of parameters of interest (such as slope parameters) that
were associated with the quantitative explanatory variables (e.g. SOC
and Wc) and to make pair-wise comparisons between the levels of
the categorical explanatory variables left in the final model. To provide
additional insight about how the systematic variation is distributed
across the explanatory variables, analysis of variance was used for
calculating the proportions of variation explained.

2.2.3. Prediction
By a prediction model, we mean a statistical model capable of

providing individual predicted Db values (point estimates of the Db)
for various configurations of explanatory variables. In contrast to
estimation and hypothesis testing explained above, we are no longer
concerned with average trends in the data (these may or may not be
useful for predicting individual measurements). Instead, the accuracy

Fig. 3. Soil texture classes by Db and the multiple comparison results (similar letters
indicate statistically insignificant differences, PN0.05). S — sand (n=272); LS — loamy
sand (n=3615); LL — light loam (n = 5019); ML — medium loam (n=1037); HL —

heavy loam (n=92); C — clay (n=170).

Table 2
Random and fixed effects included in hypothesis testing and prediction model (“*” denotes
combined terms where the effect of a quantitative variable is modified according to the
level of a categorical variable).

Random effectsFixed effects

Soil type Sampling depth Sampling depth * SOC Site
SOC Thickness of A horizon Sampling depth * Cf Transect
Wc Texture * moisture Soil type * Wc Plot
Cf Texture * SOC Soil type * SOC Year
Texture Sampling depth * Wc Soil type * Cf Site * year
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of the predicted Db values is the primary quality measure by which to
assess a prediction model. Classical features of a statistical model (such
as estimated standard errors, confidence intervals, and p-values) are of
no interest in the context of prediction. Moreover, it is possible that
significant terms may not contribute appreciably to the predictions,
whereas non-significant terms may improve predictions substantially.

Consequently, to establish an appropriate prediction model, a dif-
ferent approach is needed. The first step is to define a number of
candidate models based on well-defined criteria that reflect the
intended applications of the models. In our case, such criteria must
be compatible with the Estonian soil map; that is, soil-science-specific
considerations replace statistical techniques. The second step is to
evaluate and compare the candidate models to select the best one,
and the third step is to assess the performance of the chosen model.

The initial mixed model was our first candidate for a good
prediction model. However, we also considered a few other models
that involved fewer explanatory variables and that did not include
random effects. The second model considered (model A) contained
the variables sampling depth, 1/Wc, Cf and Wc interaction, A-horizon
thickness, SOC, Cf, and Cf squared. We included transformed version
of Wc and Cf because their effects on Db were not linear in the original
scale and thus needed to be transformed. The third model (model B)
had the simplest structure. It only involved three explanatory variables
(sampling depth, texture classes, and SOC) and would therefore be
widely applicable. The latter two candidate models are multiple linear
regression models; these were fitted using ordinary least-squares
estimation. The rationale for considering these models is that they may
be applicable for geographical areas where no detailed soil information
is available (that is, only a few explanatory variables are recorded).
Moreover, compatibility with the Estonian digital soil map is also
important. Thus, three candidate models were considered, although
the procedure we describe below will work for larger collection of
candidate models.

To select the best model among our candidates, we fitted each
candidate model to common training data (a subset of the entire
database), and subsequently we compared the models using
validation data (another smaller subset of the database). More
specifically, the models fitted to the training data were used to obtain
predicted Db values for the configurations of explanatory variables
found in the validation data. The comparison of the candidate models
was then based on comparing these predicted values with the
corresponding observed values in the validation data by means of
summary measures (e.g. mean square error MSE, the mean of the
squared differences between predicted and observed values, or RMSE,
the square root of MSE) (Goidts et al., 2009); for both measures,
smaller is better. Additionally, the agreement or disagreement
between the predicted and observed values was assessed visually
(e.g. Meersmans et al., 2009).

Two final models were chosen based on predictive quality (as
evaluated using the above procedures) and taking into consideration
compatibility with the soil survey information and the soil map. Once
we had decided on the final prediction models, they were re-fitted to
the combined training and validation datasets and could be used for
future prediction. Finally, the predictive performance was evaluated
and reported using a test dataset (yet another smaller subset of the
entire database). By using a completely different subset at this stage,
we ensured that we were not underestimating the prediction error
(which could result from using the same data for both choosing and
assessing the best model). We reported the resulting MSE and plotted
the predicted values versus the observed values.

We followed the rule of thumb of dividing the initial database
randomly into three parts: 50% constituted the training dataset, 25%
constituted the validation dataset, and 25% constituted the test
dataset (Hastie et al., 2009, pp. 219–223).

Mixed model based prediction relies on both the estimated fixed-
effects parameters and the EBLUPs as estimates for the unobserved

random effects. Moreover, for prediction purposes, the mixed model
exhibits a desirable feature called shrinkage that results in more
accurate predictions by utilising the EBLUPs. Essentially, shrinkage is a
way to ensure that an observed Db value that is extreme (for some
configuration of the explanatory variables) does not necessarily result
in an equally extreme future prediction for the same configuration of
explanatory variables (Steyerberg, 2009, p. 87). However, for
prediction involving a new site, corresponding EBLUPs are not
directly available as this site was not part of the data used for
establishing the original model. There are two possible solutions to
handle this issue: 1) to use an EBLUP equal to 0 for any new site, which
will give results close to those based on the corresponding multiple
linear regression models (obtained by leaving out the site-specific
random effects) or 2) to devise some extrapolation scheme for
estimating EBLUPs for a new site based on neighbouring EBLUPs
present in the model (kriging). For reasons already outlined in
section 2.2.1, we use the first option.

All statistical analyses were carried out using the statistical software
R version 2.12.0 (R Development Core Team, 2010). Specifically, for the
mixed model analysis, the function lmer() in the extension package
lme4 was used (Bates and Maechler, 2010).

3. Results

3.1. Average trends in the database

Most variation results from the residual error associated with the
individual measurements within each survey plot. Among the random
effects included in the mixed model, year-specific site effects are
responsible for the most variation (68% relative to the residual error).
Site and year effects each roughly contribute half as much variation as
does the residual error. The variation resulting from transects and
survey plots is marginal.

Soil type is statistically significant, but is responsible for a
relatively small part of the variation in Db (1.7%, which is the same
amount as the variation caused by the A-horizon thickness). Soil type
effects on Db estimation have a similar magnitude (except for Deluvial
soils), but this difference is not statistically significant. The influence
of Cf on Db does not depend on soil type (Table 3). SOC decreases Db in
studied soil types (except for soil type Lk), but no specific pattern
could be discerned (Table 4). Water content has a decreasing effect on
Db, and this effect is highly dependent on soil type. The soil type
specific slope parameters for Wc and SOC were not statistically
significant different.

There is an overall borderline-significant effect for sampling depth,
which contributes the most in describing the systematic variation in
Db. Moreover, Db increases to a sampling depth of 25 cm and then
decreases for the greatest depth. No statistically significant differences
were found between a sampling depth of 40 cm and sampling depths
of 15 and 25 cm (data not presented). Effects of SOC, Cf, and Wc
significantly influence Db with sampling depth. SOC slopes are not
statistically different between sampling depths, but an increase in
sampling depth increases the effect of SOC. Higher water content

Table 3
Mixed models fixed effects and their p-values.

Fixed effects P-value

Sampling depth * Wc b0.001
Sampling depth * SOC b0.0001
Sampling depth * Cf 0.002
Soil type * Wc b0.0001
Soil type * SOC 0.006
Soil type * Cf 0.066
Texture * Wc b0.001
Texture * SOC 0.990
Thickness of A horizon b0.001
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significantly decreases the effect of sampling depth on Db; however,
clay content has the opposite effect.

Soil texture classes are important components for Db estimation
and have similar effects, except for heavy loam. The slope coefficients
for water content for different soil texture classes indicate that for all
of the soil textures classes considered, a change in the Wc results in a
similar reduction in Db both for lighter and heavier textures. An
exception is the texture class “sand”, for which theWc slope is smaller
(but still negative). There are several statistically significant differ-
ences between texture classes (data not presented).

Water content describes 17% of the variation found in the Db
estimation and has the second strongest influence on Db. SOC explains
two times less variation than does Wc and ten times less than
does sampling depth. A thicker A-horizon decreases Db estimates.

3.2. Prediction models

One of the objectives of this paper was to propose a prediction
model to calculate Db in the A-horizon of Estonian arable soils. Thus,
three candidate models were fitted to the training data: model A
(sampling depth, 1/Wc, A-horizon thickness, SOC, Cf and Wc
interaction, Cf and squared Cf), model B (SOC, texture and sampling
depth), and a mixed model (Table 2). Validation of the three
candidate models indicated that the mixed model produced a very
good agreement between observed and predicted values, whereas
models A (adjusted-R2=0.43; MSE=0.014) and B (adjusted-
R2=0.35; MSE=0.015) underestimated values above 1.6 g cm−3

(Fig. 4). This is in agreement with calculated mean square error for
the validation dataset, in which the mixed model had the smallest
MSE (0.009).

Based on these results, we tested the performance of model A
(Eq. (1)) and the mixed model (Eq. (2)). The mixed model predicted
more accurately than model A, but model A is comparable with the
methods used in previous field studies (e.g. Benites et al., 2007).

Model A parameter estimates agree with the mixed model results
(estimates shown in Eq. (1)). Wc, A-horizon thickness, SOC, and
interaction betweenWc and Cf had a negative effect on Db in model A.
In addition, the slope of the transformed Wc had the greatest
magnitude of all of the slope parameters, but for higher Wc levels, the
effect on Db estimation decreased. In model A, SOC accounted for 23%
of the variation in Db and led to a decrease in Dbwith increasing SOC in
the A-horizon. The mixed model parameter estimates showed the
same trends as described in section 3.1. Sampling depth parameter
estimates did not show the same effect in model A as in the mixed
model. In model A, sampling depth parameter estimates increased up
to 40 cm depth, but in themixedmodel, the highest estimatewas for a
sampling depth of 25 cm.

Model A.

Db = β0–0:45 =Wc–0:004� A cmð Þ–0:08� SOC + 0:00004� Cf 2

+ 0:01� Cf–0:0002�Wc : Cf ; ð1Þ

where β0 is the intercept, which is 1.65 for sampling depth 3 cm, 1.68
for 15 cm, 1.76 for 25 cm and 1.77 for 40 cm.

Table 4
Partial models showing the effect of soil type, sampling depth, and soil texture on the Db
level. Bold numbers indicate statistically significant slopes (pb0.05).

Estimateb SEc Wc SOC Cf

Soil typea

Kr 1.42 0.04 0.003 −0.08
K 1.43 0.03 0.0001 −0.08
Ko 1.43 0.03 −0.001 −0.09
KI 1.43 0.03 −0.001 −0.08
LP 1.43 0.04 −0.002 −0.07
Lk 1.45 0.17 −0.007 0.02
Kog 1.40 0.04 −0.008 −0.05
KIg 1.41 0.04 −0.007 −0.04
LPg 1.41 0.04 −0.007 −0.03
G 1.43 0.04 −0.007 −0.03
E1 1.44 0.04 −0.012 −0.07
E2 1.44 0.07 −0.005 −0.11
D 1.57 0.04 −0.011 −0.01

Sampling depth (cm)
3 1.57 0.04 −0.011 −0.005 0.003
15 1.59 0.04 −0.012 0.005 0.002
25 1.65 0.04 −0.012 0.012 0.002
40 1.64 0.05 −0.014 0.072 −0.005

Soil texture
Sand 1.57 0.04 −0.01
Loamy sand 1.56 0.01 −0.02
Light loam 1.56 0.02 −0.02
Medium loam 1.54 0.02 −0.02
Heavy loam 1.42 0.03 −0.02
Clay 1.57 0.04 −0.01
a Soil type by ESC classification (references to the WRB shown in Table 1).
b Scaled estimate.
c Standard error of intercept estimate.

Fig. 4. Validation of the candidate models by comparing observed and predicted Db
values (g cm−3) of the validation sub-dataset.
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Themixedmodel is shownherewith the actual parameter estimates
shown in Table 4:

Db = β1depth + β2soil type + β4A cmð Þ + β6texture + β7texture�Wc

+ β8depth�Wc + β9soil type�Wc + β10depth� SOC + β11soil type� SOC

+ β12soil type� Cf + β13depth� Cf + Asite + Bsite� year + Cyear

+ Dtransect + Epoint ð2Þ

The calculated MSE based on the test dataset for the two models
remains 0.013 for model A and 0.009 for the mixed model, indicating
that both models work well for different data. The plot of observed Db
against predicted values indicates good agreement for the mixed
model (Fig. 5). In contrast, model A has limited predictive potential,
strongly underestimating Db values above 1.6 g cm−3 and over-
estimating values below 1.2 g cm−3. Results indicate that the
combined mixed-effects prediction is more precise than the predic-
tion without random effects (Fig. 6). Prediction based on fixed effects
only is more scattered and more in disagreement with the reference
line as compared to the mixed-effects predictions. This indicates
less accurate results, which lead to both under- and overestimating Db
values.

4. Discussion

The mixed model approach identified salient and interesting
patterns and trends that describe the variation in Db. The results
indicate that a large part of the variation results from the individual
measurements within each survey plot. This can be explained by the
sampling methodology: Db is measured by taking cores, and thus the
results are highly dependent on the sample collector. The small
volume of cores (most 50-cm3-volume) used for sampling could also
be the reason for some of the unexplained variation. Another reason
for the large residual variation could be that some effects are not taken
into account in the model. Inclusion of land-use history in the mixed
model approach may improve the results significantly because
cropping patterns and tillage practices influence soil Db (Lampurlanés
and Cantero-Martinez, 2003; Lauringson, 2003; Reintam et al., 2008).
Our database precluded applying cropping and tillage history as
explanatory variables. However, these effects could still be present in
the model indirectly as part of the random year effect. The random
effects of site, site within year, and year incorporated equal amounts
of variation; this indicates substantial differences between sites due to
diverse pedo-climatic conditions. Transect and survey plot contribute
less as variation at these finer levels of sampling was low, reflecting a

high degree of homogeneity in this part of the sampling procedure.
Thus, when examining the different levels of sampling, it appears that
most of the unexplained variation is between sites, implying the
presence of local soil structures that the model in general and the
included explanatory variables in particular cannot describe or capture
adequately.

SOC content is strongly and negatively correlated with Db. This
effect can be seen in all models considered, meaning that an increase
in SOC leads to a decrease in Db. This finding is in good agreement
with previous studies (e.g. Benites et al., 2007; Bernoux et al., 1998;
Heuscher et al., 2005). Tranter et al. (2007) suggested that this
negative correlation is the result of soil aggregation. For the simple
regression models, SOC describes approximately 1/4 of the variation
in Db estimation, but in the mixed model, its contribution is marginal.
A plausible explanation may be that the mixed model incorporates
various types of variation (explained or unexplained in terms of
explanatory variables) that reduces the effect of SOC (e.g. effects are
no longer hidden in the effect of SOC). Moreover, the effect of SOC is
constant across the different soil textures, but it varies significantly
with sampling depth and soil type. Contrary to our results from the
mixed model approach, Kätterer et al. (2006) concluded that soil
texture class modified the effect of SOC significantly; however,
inclusion of texture class in addition to SOC in the topsoil Db
regression model decreased RMSE only from 0.13 to 0.12. Our study
indicates that the simple regression model overestimates the
importance of SOC in Db variation.

Soil sampling depth describes most of the variation in Db in the
mixed model. In the simple regression model, its effect is smaller, but
it still accounts for 1/5 of the variation. In most Db prediction models
described in the literature, sampling depth was not considered as a
possible variable for predicting Db. Some studies have concluded that
sample depth can be used as a predictor, but that it describes a small
part of the variability in Db (Calhoun et al., 2001; De Vos et al., 2005;
Heuscher et al., 2005). Heuscher et al. (2005) suggest that sampling
depth can be used to predict oven-dry Db (although it is not claimed
to be a very strong predictor). They argue that because sampling
depth is related to mechanical stress caused by overburdened soil, it
could be expected to affect Db. The main difference between previous
studies and the one presented here is that previous studies have
treated sampling depth as a continuous variable (Calhoun et al., 2001;
De Vos et al., 2005; Heuscher et al., 2005; Tranter et al., 2007). Because
most of the soil samples were taken at certain depths, it is not
warranted to extend conclusions to arbitrary depths; therefore, we
handled sampling depth as a categorical variable. Tranter et al. (2007),
amongst others, find that at deeper sampling depths, Db values
increase. Our results agree with this finding; however, at a sampling
depth of 40 cm, Db starts to decrease. The highest Db value (at a depth

Fig. 5. Performance of soil bulk density prediction models based on test sub-dataset
comparing model A (prediction showed in red colour) and mixed model (prediction
showed in black colour).

Fig. 6. Performance of soil bulk density prediction model based on test sub-dataset
comparing mixed model (prediction showed in green) and mixed model without
random effect (prediction showed in black colour).
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of 25 cm) can be explained by the formation of a plough-pan layer
(Alakukku et al., 2003; Hammel, 1994), and this is probably the reason
why below that depth Db is again slightly lower. Although Calhoun
et al. (2001) concluded that genetic horizons contribute more to Db
prediction than does sampling depth, we suggest that sampling
depth should be incorporated in any modelling strategy because
previous studies have not examined one horizon in sufficient detail to
predict Db.

Soil water content is statistically significant in all of the developed
models that we tested and is inversely related to Db. Water content
has rarely been used as an input variable in Db prediction models, and
to our knowledge, only studies based on data from the United States
have used water content as a predictive factor (Heuscher et al., 2005;
Manrique and Jones, 1991). These studies conclude, as does this study,
that water content has a significant, decreasing effect on Db. However,
due to differences in Db and Wc measurement methods, the results
are not directly comparable. Heuscher et al. (2005), Manrique and Jones
(1991) used a “coated clod” method for obtaining Db measurements
and Wc at−1500 kPa soil water potential. In reviewing the literature,
nopublishedPTFswere found for dryDbdeterminedby thecoremethod
and in which Wc at the time of sampling was included as a predictive
variable. Several studies have emphasised that Wc at the time of
measurement has a great impact on the resulting Db values, and the
results are comparable with soil sampled at standardised moisture
content (Håkanssonand Lipiec, 2000; LogsdonandKarlen, 2004).Under
field conditions, and especially in extensive soil monitoring pro-
grammes, it is not practical to standardise soil water content. In our
dataset, water content is not standardised, but inclusion of this variable
(e.g. with a value corresponding to the field capacity) in proposed
models ensures better comparability of predicted Db values across the
soils. Water content is not the strongest predictor of Db, but it is still
statistically significant and has effects that are modified differently by
different levels of sampling depth, soil type, and texture. Water content
could be expected to have an impact mainly on heavy-textured soils
with high shrink–swell potential; however our results showed that it
also had a decreasing effect on Db for light- and medium-textured soils.
As our study was restricted to the A-horizon, it can be assumed that, in
addition to the clay particles, also the swelling and shrinkage of organic
complexes (humus) also contributes significantly to Db changes.
Kuznetsova and Danilova (1989) concluded that soil loosening during
swelling and shrinkage is also dependent on the content and quality of
humus. Gray and Allbrook (2002) found that the majority of studies
showed no significant relationship between SOC and shrinkage, and
contrary results are seldom.

Various techniques can be used to construct prediction models. In
this study, we used mixed model and multiple linear regression
analysis. Two final models were chosen to compare two different
approaches to predict Db values and to provide results that are
comparable with previous studies (because multiple linear regression
has been the most common technique for developing Db PTFs). The
results indicate that Db prediction is more accurate using the mixed
models approach than it is using regression analysis. The latter tends
to underestimate values above 1.6 g cm−3 (also found by Martin et al.
(2009)) and to overestimate Db values below 1.2 g cm−3. This
indicates that the model works within a very limited range. If we
consider that in arable soils, Db values can range much more widely,
then this type of model is of limited practical use. However, models
with fewer variables remain useful for cases in which limited data are
available. It is also important to use the same variables as are present
in the Estonian large-scale soil map. Compatibility with available
soil map data allows us to use the developed models for the
calculation of SOC stocks in arable Estonian soils.

Several studies that developed Db prediction models have used
RMSE as one measure of predictive performance (Benites et al., 2007;
Heuscher et al., 2005; Kaur et al., 2002; Martin et al., 2009; Tranter
et al., 2007). However, Bernoux et al. (1998), Calhoun et al. (2001),

and Manrique and Jones (1991), did not validate the developed PTFs
and simply examined the R2 value, which is not an indicator of
predictive performance. An important aspect of prediction models is
the number of samples in the soil databases. Some models are based
on smaller datasets (e.g. n=200–2000) (Benites et al., 2007; Bernoux
et al., 1998; Calhoun et al., 2001; De Vos et al., 2005; Kaur et al., 2002;
Tranter et al., 2007) and some use larger datasets (Heuscher et al.,
2005; Manrique and Jones, 1991). Additionally, the size of databases
gives an indication of how many different locations and soil types
have been accounted for. Some models work only for a very refined
area and under certain conditions (or even within one geographic
location). Model working area is also limited by the method used;
multiple regression models, for instance, apply only at the locations
where samples are taken and cannot be easily expanded; however,
similar soil properties from different geographic regions are viable for
use in an already developed PTF. Parameters included in modelling
also vary, and often themethods used for analysing the samples differ.
Comparing the predictive quality of these models shows that models
based on smaller databases do not differ in predictive performance,
RMSE within the range of 0.15 to 0.19 g cm−3, and indeed the RMSE
for the largest dataset (n=47,015) is also 0.19 (Heuscher et al., 2005).
In the current study, we used a dataset of 17,293 samples and a mixed
model method that enabled us to extend the prediction to include all
of Estonia, as the dataset incorporates many different and widespread
arable soil conditions in Estonia. The results show a significant
improvement in prediction, as the RMSE for the regression model A is
0.11 g cm−3, and for the mixed model, it is 0.09 g cm−3 (based on the
test dataset). This indicates that, in addition to database size,
prediction error can be improved by using more sophisticated models
that utilise more detailed soil information. Previous studies have used
4–6 parameters, but we used 20 in the mixed model and seven in
model A. Considering the database structure, size, available param-
eters, modelling techniques, and prediction quality, we suggest using
the mixed model to predict oven-dry Db.

The methodology outlined in this paper for finding the best
prediction model is general, and therefore it is also applicable to
situations where 10–20 candidate models are initially considered. In
this paper, we used a mixed model approach assuming independence
between sampling sites because of their widespread distribution
across Estonia. However, the mixed model methodology may be
extended to allow kriging by additionally assuming a spatial cor-
relation structure between sites (possibly stratified within regions) as
pointed out by Lark et al. (2006). Such an extension would require
coordinate information (GIS data) as correlations between sites must
be calculated using some distance measure (metric).

Finally, the present study demonstrates the power of the mixed
model methodology for analysing soil data by not only utilising the
information captured in available explanatory variables (as does the
multiple linear regression approach), but also capturing a substantial
part of the random variation that is attributable to the different
sources of variation often found in databases. This finding has two
important implications. Firstly, it means that the use of mixed model
depends crucially on identifying the hierarchical data structure
present in the database under study. Some databases have similar
structure to those used in this study. An example is the National
Cooperative Soil Characterization Database, in which the hierarchical
structure with soil survey areas nested into counties nested into
states nested into countries as well as the pedon information (e.g.
observation date) can be treated as random effects; land use and
analysed soil properties are treated as fixed effects (National
Cooperative Soil Survey, 2011). However, other databases may reveal
different structures with layers that need to be addressed through
mixed effects modelling (e.g. the North South Wales Soil and Land
Information System (SALIS) in Australia, in which variation in site
location, soil profile, and profile details could be accommodated by
means of random effects; NSW Government, 2011). Thus, prior
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understanding of the major components of variation expected in a
database will substantially improve on the insights gained from the
applied mixed model. Secondly, this study provides empirical
underpinning of the fact that prediction of soil properties can indeed
be improved through the use of kriging by exploiting the random
variation captured by the predicted random effects (EBLUPs). This
perspective will be explored in future work.

5. Conclusions

The results of this study are based on a large and comprehensive
database. They demonstrate that Db for the A-horizon of arable soils is
mainly determined by sampling depth and SOC. Additionally, water
content should be considered for prediction of Db even in the case of
light-textured soils. In general, to enable an accurate prediction of Db,
it is advisable to evaluate every horizon separately and to take into
account as many systematic and random effects as the study design
and database content permit. The mixed model showed that Db is
determined through several combined effects involving qualitative
and quantitative explanatory variables, and that their contribution to
the variation in Db is different from evidence shown by simple
regression models. We found that the regression model overesti-
mated the importance of SOC. The results also underpin the fact that
increased model complexity significantly improves the accuracy of Db
prediction. Thus, using advanced techniques for constructing predic-
tionmodels should be considered. Themixedmodel approach enables
incorporation of various types of variation sources and therefore
produces a more accurate prediction model. Multiple regression
analysis enables Db to be predicted when few variables are available,
but then the prediction error increases. Thus, we suggest using the
mixed model approach when the required data are available and
when the goal is to achieve maximum prediction accuracy, which
should be the case when developing PTFs.

Acknowledgements

The studywas supported by the Estonian Science Foundation grant
no. 7622. We would like to thank the Estonian Agricultural Project for
initiating and carrying out the National Soil Monitoring Programme
since 1983. In addition, we thank Priit Penu and Tiina Köster from the
Agricultural Research Centre for their fruitful co-operation.

References

Alakukku, L., Weisskopf, P., Chamen, W.C.T., Tijink, F.G.J., van der Linden, J.P., Pires, S.,
Sommer, C., Spoor, G., 2003. Prevention strategies for field traffic-induced subsoil
compaction: a review: Part 1. Machine soil interactions. Soil and Tillage Research
73 (1–2), 145–160.

Bates, D., Maechler, M., 2010. lme4: Linear Mixed-effects Models using S4 Classes. R
Package Version 0.999375-32. http://cran.r-project.org/package=lme4 2010.

Batey, T., 2009. Soil compaction and soil management — a review. Soil Use and
Management 25 (4), 335–345.

Batjes, N.H., 1998. Mitigation of atmospheric CO2 concentrations by increased carbon
sequestration in the soil. Biology and Fertility of Soils 27 (3), 230–235.

Benites, V.M., Machado, P.L.O.A., Fidalgo, E.C.C., Coelho, M.R., Madari, B.E., 2007.
Pedotransfer functions for estimating soil bulk density from existing soil survey
reports in Brazil. Geoderma 139 (1–2), 90–97.

Bernoux, M., Arrouays, D., Cerri, C., Volkoff, B., Jolivet, C., 1998. Bulk densities of
Brazilian Amazon soils related to other soil properties. Soil Sci Soc Am J 62,
743–749.

Calhoun, F.G., Smeck, N.E., Slater, B.L., Bigham, J.M., Hall, G.F., 2001. Predicting bulk
density of Ohio soils from Morphology, Genetic Principles, and Laboratory
Characterization data. Soil Sci Soc Am J 65, 811–819.

De Vos, B., VanMeirvenne, M., Quataert, P., Deckers, J., Muys, B., 2005. Predictive quality
of pedotransfer functions for estimating bulk density of forest soils. Soil Sci Soc Am J
69 (2), 500–510.

Goidts, E., van Weselmael, B., Van Oost, K., 2009. Driving forces of soil organic carbon
evolution at the landscape and regional scale using data from a stratified soil
monitoring. Global Change Biology 15 (12), 2981–3000.

Gray, C.W., Allbrook, C., 2002. Relationships between shrinkage indices and soil
properties in some New Zealand soils. Geoderma 108 (3–4), 287–299.

Håkansson, I., Lipiec, J., 2000. A review of the usefulness of relative bulk density values
in studies of soil structure and compaction. Soil and Tillage Research 53, 71–85.

Hammel, J., 1994. Effect of high-axle load traffic on subsoil physical properties and crop
yields in the Pacific Northwest USA. Soil and Tillage Research 29 (2–3), 195–203.

Harrison, A.F., Bocock, K.L., 1981. Estimation of soil bulk-density from loss-on-ignition
values. J Appl Ecol 18 (3), 919–927.

Hastie, T., Tibshirani, R., Friedman, J., 2009. The Elements of Statistical Learning.
Springer, New York.

Heuscher, S.A., Brandt, C.C., Jardine, P.M., 2005. Using soil physical and chemical
properties to estimate bulk density. Soil Sci Soc Am J 69 (1), 51–56.

Huntington, T.G., Johnson, Š.E., Johnson, A.H., Siccama, T.G., Ryan, D.F., 1989. Carbon,
organic matter, and bulk density relationships in a forested spodosol. Soil Sci 148 (5),
380–386.

Katschinski, N.A., 1956. Die mechanische Bodenanalyse und die Klassifikation der
Böden nach ihrer mechanischen Zusammensetzung. Rapports au Sixiéme Congrés
de la Science du Sol, Paris, B, pp. 321–327.

Kätterer, T., Andrén, O., Jansson, P.E., 2006. Pedotransfer functions for estimating plant
available water and bulk density in Swedish agricultural soils. Acta Agriculturae
Scandinavica, Section B - Soil & Plant Science 56 (4), 263–276.

Kaur, R., Kumar, S., Gurung, H.P., 2002. A pedo-transfer function (PTF) for estimating
soil bulk density from basic soil data and its comparison with existing PTFs.
Australian Journal of Soil Research 40, 847–857.

Kokk, R., Rooma, I., Valler, V., Reintam, L., 1968. Field Works Instructions for Large Scale
Mapping of Soils. EPA, Tartu. [in Estonian].

Kuznetsova, I.V., Danilova, V.I., 1989. Loosening of soils by swelling and shrinkage.
Soviet Soil Science 20 (6), 108–120.

Lampurlanés, J., Cantero-Martinez, C., 2003. Soil bulk density and penetration resistance
under different tillage and crop management systems and their relationship with
barley root growth. Agron J 95 (3), 526–536.

Lark, R.M., Cullis, B.R., 2004. Model-based analysis using REML for inference from
systematically sampled data on soil. European Journal of Soil Science 55, 799–813.

Lark, R.M., Cullis, B.R., Welham, S.J., 2006. On spatial prediction of soil properties in the
presence of a spatial trend: the empirical best linear unbiased predictor (E-BLUP)
with REML. European Journal of Soil Science 57 (6), 787–799.

Lauringson, E., 2003. The Effect of Agrotechnical Methods on Soil Physical Properties,
Weediness and Crop Yield. D.Sc. Thesis. Estonian Agricultural University, Tartu.

Logsdon, S.D., Karlen, D.L., 2004. Bulk density as a soil quality indicator during
conversion to no-tillage. Soil and Tillage Research 78, 143–149.

Manrique, L.A., Jones, C.A., 1991. Bulk density of soils in relation to soil physical and
chemical properties. Soil Sci Soc Am J 55, 476–481.

Martin, M.P., Lo Seen, D., Boulonne, L., Jolivet, C., Nair, K.M., Bourgeon, G., Arrouays, D.,
2009. Optimizing pedotransfer functions for estimating soil bulk density using
boosted regression trees. Soil Sci Soc Am J 73, 485.

McBratney, A.B., Minasny, B., Cattle, S.R., Vervoort, R.W., 2002. From pedotransfer
functions to soil inference systems. Geoderma 109 (1–2), 41–73.

Meersmans, J., van Wesemael, B., De Ridder, F., Van Molle, M., 2009. Modelling the
three-dimensional spatial distribution of soil organic carbon (SOC) at the regional
scale (Flanders, Belgium). Geoderma 152 (1–2), 43–52.

National Cooperative Soil Survey, 2011. National Cooperative Soil Characterization
Database. Available online at http://ssldata.nrcs.usda.gov. Last accessed: 29.03.2011.

NSW Government, 2011. NSW Natural Resource Atlas website, The NSW Soil and Land
Information System. Available online at http://nratlas.nsw.gov.au/. Last accessed:
29.03.2011.

Prevost, M., 2004. Predicting soil properties from organic matter content following
mechanical site preparation of forest soils. Soil Sci Soc Am J 68, 943–949.

R Development Core Team, 2010. R: A Language and Environment for Statistical
Computing. ISBN 3-900051-07-0 R Foundation for Statistical Computing, Vienna,
Austria URL:http://www.r-project.org.

Reintam, L., Kull, A., Palang, H., Rooma, I., 2003. Large-scale soil maps and a
supplementary database for land use planning in Estonia. J Plant Nutr Soil Sci
166 (2), 225–231.

Reintam, E., Trukmann, K., Kuht, J., Toomsoo, A., Teesalu, T., Koster, T., Edesi, L., Nugis, E.,
2008. Effect of Cirsium arvense L. on soil physical properties and crop growth.
Agricultural and Food Science 17 (2), 153–164.

Smith, P., 2004. Soils as carbon sinks— the global context. Soil Use andManagement 20,
212–218.

Steyerberg, E.W., 2009. Clinical Prediction Models. Springer, New York.
Teras, T., 1987. Soil Bulk Density in Estonian Arable Soils. Estonian Soils in Figures VI,

Tallinn, pp. 17–28. [in Estonian].
Tomasella, J., Hodnett, M.G., 1998. Estimating soil water retention characteristics from

limited data in Brazilian Amazonia. Soil Sci 163, 190–202.
Tranter, G., Minasny, B., McBratney, A.B., Murphy, B., McKenzie, N.J., Grundy, M.,

Brough, D., 2007. Building and testing conceptual and empirical models for
predicting soil bulk density. Soil Use and Management 23 (4), 437–443.

Vorobeva, L.A., 1998. 272 pp Chemical Analysis of Soils. Moscow University Press,
Moscow. [in Russian].

Walkley, A., Black, I.A., 1934. An examination of the Degtjareff Method for determining
soil organic matter, and a proposed modification of the chromic acid titration
method. Soil Sci 37 (1).

WRB, 2006. World reference base for soil resources 2006. World Soil Resources Reports
No. 103. FAO, Rome.

82 E. Suuster et al. / Geoderma 163 (2011) 74–82



II



78

Suuster, E., Ritz, C., Roostalu, H., Kõlli, R. & Astover, A. 2012. 
Modelling soil organic carbon concentration of mineral soils in arable 

land using legacy soil data. 

European Journal of Soil Science, 63, 351–359.



79

European Journal of Soil Science, June 2012, 63, 351–359 doi: 10.1111/j.1365-2389.2012.01440.x

Modelling soil organic carbon concentration of mineral
soils in arable land using legacy soil data

E . S u u s t e ra , C . R i t zb , H . R o o s t a l ua , R . K õ l l ia & A . A s t o v e ra
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Summary

Soil organic carbon (SOC) concentration is an essential factor in biomass production and soil functioning.
SOC concentration values are often obtained by prediction but the prediction accuracy depends much on the
method used. Currently, there is a lack of evidence in the soil science literature as to the advantages and
shortcomings of the different commonly used prediction methods. Therefore, we compared and evaluated
the merits of the median approach, analysis of covariance, mixed models and random forests in the context
of prediction of SOC concentrations of mineral soils under arable management in the A-horizon. Three soil
properties were used in all of the developed models: soil type, physical clay content (particle size <0.01 mm)
and A-horizon thickness. We found that the mixed model predicted SOC concentrations with the smallest
mean squared error (0.05%2), suggesting that a mixed-model approach is appropriate if the study design has a
hierarchical structure as in our scenario. We used the Estonian National Soil Monitoring data on arable lands
to predict SOC concentrations of mineral soils. Subsequently, the model with the best prediction accuracy was
applied to the Estonian digital soil map for the case study area of Tartu County where the SOC predictions
ranged from 0.6 to 4.8%. Our study indicates that predictions using legacy soil maps can be used in national
inventories and for up-scaling estimates of carbon concentrations from county to country scales.

Introduction

Soil organic carbon (SOC) determines soil-type-specific soil
fertility, functioning, physical and chemical properties. Also, soils
represent the largest terrestrial carbon pool (Batjes, 1996). Thus,
the status and spatio-temporal changes in SOC concentration
and stocks in different land-use systems have been examined
with regard to soils’ potential to sequester carbon (Smith, 2008).
The potential for additional carbon sequestration in agricultural
systems has been argued to be small (Powlson et al., 2011) and,
similarly, favouring conservation tillage over no-till systems only
yields a small gain in sequestration (Baker et al., 2007). Apart
from carbon sequestration in soil, the real focus should remain on
SOC being essential for soil functioning and the basis for biomass
production. Thus, nationwide predictions of SOC concentrations
are still necessary to convert predictions from local to global scale.
However, the precision of predictions is dependent on the model
chosen.
Gray et al. (2009) compared categorical median, multiple linear

regression and decision tree approaches to develop quantitative
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relationships between soil properties and environmental factors.
Meersmans et al. (2008) used mean and multiple regression
methods to predict and assess the spatial distribution of SOC
stocks from soil texture, moisture and land use. Gray et al. (2009)
used root mean squared error and mean error to prove their
predictions to be broadly equivalent between the two approaches,
and Meersmans et al. (2008) assessed their results by standard
errors. Thus, a more comprehensive comparison of available
prediction methods, using both the knowledge and experience
from soil science, would be desirable.
Mixed models have not been used widely in predicting SOC

concentration, but they have been used for modelling SOC stocks
(Goidts et al., 2009; Maia et al., 2010) and other soil properties
(Haskard et al., 2010; Suuster et al., 2011). The mixed model is
an extension of analysis of covariance (ancova) where random
effects are included to describe hierarchical structures in the data.
The random forests approach, a black box model, is also an
effective tool in predicting SOC concentrations (Grimm et al.,
2008; Wiesmeier et al., 2011). These modern methods, as well
as the more traditional median and ancova approaches, were
considered in the current study.
Prediction models are usually derived from legacy soil data

and can be applied to legacy soil maps, adding value through the
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predicted SOC concentrations (Bell & Worrall, 2009). Legacy soil
data from soil monitoring networks are suitable for understanding
soil properties and their spatio-temporal changes, including SOC
concentration, if they are well designed, including, for example,
replications within different land-use types and with resampling
after 5–10 years (van Wesemael et al., 2011). Data from the Esto-
nian National Soil Monitoring on arable lands have been analysed
and published mainly at the level of descriptive statistics for
general soil groups (Kokk & Rooma, 1983). The studies in Esto-
nia have mainly focused on humus quality, composition of soil
organic matter, SOC distribution in soil types, and sources and
fluxes of SOC (Kask, 1975; Kõlli & Ellermäe, 2003; Kõlli et al.,
2010). Additionally, the Estonian soil map provides input data for
SOC concentration modelling (Reintam et al., 2003). Neverthe-
less, previous attempts to estimate SOC concentration in Estonia
did not consider spatial distribution, and in general little work has
been done on predictive modelling for SOC concentration.
This study seeks to compare some of the methods used in the

past and some new methods in order to evaluate differences in
accuracy of prediction of SOC concentration. Moreover, we want
to demonstrate in a case study how the best prediction method
augments our knowledge about the spatial distribution of SOC
concentrations, thus providing added value to the existing Estonian
legacy soil data.

Materials and methods

Study design

A soil monitoring network of arable land was established in
Estonia in 1983 and it ran until 1994 and involved 79 different
sites. In 2002 the monitoring of soil quality observations was
resumed at 21 sites. We used data collected during 1983 to 2008
from 90 sites to develop prediction models for SOC concentrations
in mineral soils in the A-horizon. The samples and data from the
period 1983–1994 are archived at the Estonian Soil Museum at the
Estonian University of Life Sciences and the samples from 2002
to 2008 at the Agricultural Research Centre. The monitoring sites
were mainly under cereal-based crop rotations with ploughing in
the autumn. Each site comprised four transects and within each
transect 10 observation plots were established.
The dataset contains 8697 entries representing the A-horizon

and all major soil types found on arable land. At every plot
A-horizon thickness, SOC concentration, texture and physical
clay (Cf; particle size <0.01 mm) content (%) were measured.
A-horizon thickness ranged from 12 to 100 cm. All chemical soil
analyses were carried out on the fine-earth fraction (<1 mm). SOC
concentration was determined by wet digestion with acid potas-
sium dichromate solution (Vorobeva, 1998). No soil-type-specific
correction factor was applied because there was large soil type
variation and general correction factors for incomplete oxidation
are not recommended (Meersmans et al., 2009a). The established
Estonian Soil Classification (ESC) range for SOC concentrations
in the A-horizon is 0.6–6%. The particle-size distribution was
determined using the pipette method, whereas the Cf was defined

after Katschinski (1956) as the mass fraction of particles smaller
than 0.01 mm, which as well as ‘clay’ particles also includes
particles of ‘fine silt’. Texture classes were sand, loamy sand,
light loam, medium loam, heavy loam and clay. The soils were
classified according to ESC; where approximate soil groups are
given, classifications were also based on the World Reference Base
(WRB) for Soil Resources (IUSS Working Group WRB, 2006).

Prediction models

In this study we focus on predicting SOC concentrations by using
four different approaches: (i) robust prediction by using medians,
(ii) ancova, (iii) mixed-model analysis and (iv) random forests.
Each of these approaches is described in more detail below.
Any statistical model is fitted to data in such a way that

discrepancies between the data and the model become as small
as possible (according to some criterion such as least squares).
However, there may be a problem if we want to use the fitted
model for prediction when using another dataset: the fitted model
may simply follow the original data too closely to be useful for
prediction using other datasets with slightly different features.
This phenomenon is referred to as over-fitting. To avoid such
overly optimistic results when evaluating a prediction model, the
standard approach is to train the model on one dataset and to
evaluate it on another independent test set. Where a number of
models are initially considered (as in our case) a third validation
dataset, which is independent of the training and test datasets, is
therefore often needed for the intermediate step of determining the
best model among the candidates. In this way different datasets
are used for selecting and reporting the performance of the
best approach, avoiding overly optimistic conclusions about the
prediction accuracy. Following Hastie et al. (2009), we divided
our database randomly into three parts, a training dataset (50%), a
validation dataset (25%) and a test dataset (25%), because the
entire dataset was large enough to ensure that each subset is
representative.

Median approach

In order to apply the median approach, the training dataset is
stratified according to the chosen explanatory variables, which
are grouping factors such as soil type and texture. For each com-
bination of soil type and texture the median value of the soil
property is calculated from the individual measurements in each
stratum of soil. For prediction, the median values are assigned
to corresponding polygons/grid cells on the soil maps accord-
ing to the configurations of the explanatory variables in those.
Because of the coarse grouping used for obtaining the predictions,
data from several map types (soil, land use) may be combined
(Meersmans et al., 2008).
The main advantages of the median approach are ease of

application and suitability for situations where limited soil
information is available, and the main disadvantage is that
stratification may lead to groups containing few or no data at all.
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ANCOVA approach

In a simple linear regression model with one explanatory variable,
there are two parameters: an intercept and a slope. In practice
such linear relationships are often not the same under different
conditions and therefore there is often a need to assume different
intercepts or slopes for different conditions. The resulting model,
analysis of covariance (ancova), is a way to describe how the
co-variation of explanatory variables influences the response.
The ancova approach extends the multiple linear regression

methodology to the situation where additional categorical explana-
tory variables are available. Some of the advantages of the
ancova approach are its flexibility, interpretability of parame-
ters in terms of changes in the values of the explanatory variables
and availability in major statistical software packages (Vittinghoff
et al., 2005). The ancova approach possesses one major weak-
ness, that the more explanatory variables that are included in the
model the greater is the risk of over-fitting. The additional vari-
ables may improve the fit (reduce the bias) by capturing minor and
unimportant features that may not be present in other datasets, thus
increasing the variance. For the same reason, the coefficient of
determination, R2, is not a good measure for assessing the predic-
tive ability as it increases every time another explanatory variable
is included in the model (Vittinghoff et al., 2005). Instead a mea-
sure based on the prediction error for a test dataset has to be
used. As the ancova model in our context is intended for predic-
tion alone, model checking is reduced to checking whether or not
there are single observations or subsets of observations that are
not appropriately described by the model (as such observations
may result in biased estimates and consequently biased predic-
tions). Whether or not the distributional assumptions are fulfilled
is not important at all.
We consider an ancova model that involves three explana-

tory variables, Cf content (quantitative), soil type (categorical) and
A-horizon thickness (quantitative), resulting in a linear relation-
ship between SOC and Cf content with intercepts and slopes that
depend on soil type, and also assume a linear relationship between
SOC concentration and A-horizon thickness.
Similar ancova approaches have been used to predict the

distribution of SOC mass density by depth with land-use and
soil type as explanatory variables (Meersmans et al., 2009b) and
to predict general SOC mass density for each land-use–soil type
combination (Meersmans et al., 2008). Bell & Worrall (2009) used
an ancova model to determine the forms of stratification (soil
series, land use and soil group) that could improve the estimates
of baseline SOC concentrations.

Mixed-model approach

The Estonian National Soil Monitoring data are hierarchically
structured with plots nested within transects, which are again
nested within sites and most sites have been visited repeatedly
over several years: therefore a mixed-model approach can be
considered. More specifically, the mixed model contains the fixed
effects of soil type, Cf content and A-horizon thickness. Because

of the hierarchical structure in the data, we included site, transect,
plot and year as random effects. Additionally, year-specific effects
along a transect were also included, as were site-specific slope
coefficients for Cf content as the relationship between SOC and
Cf content was expected to vary from site to site.
The mixed model formulation leads to a partition of the total

random variation seen in the SOC measurements into a number
of components that reflect contributions from various sources of
systematic sampling imposed by the study design. For a new site
the mixed model yields the following predicted SOC concentration
(which we denote as ynew):

ynew = f (xnew) + Bsite + Bsite, Cfcontent × Cf contentnew

+ Bplot + Btransect–year + Btransect + Byear (1)

where the fixed-effects component is denoted f (xnew) and all the
random effects are denoted by B with subscripts. The resulting
partitioning of the variance of the predicted SOC concentration is:

var(ynew) = σ 2site + σ 2site, Cfcontent × Cf content2new + σ 2plot

+ σ 2transect−year + σ 2transect + σ 2year + σ 2residual (2)

where Cf content2new denotes the square of the Cf content at the
new site. As all random effects are assumed to be unknown, they
all contribute to the uncertainty of the prediction (together with
the residual error).
Similarly, the predicted SOC concentration for a known site,

that is a site present in the training data, may be written as:

ynew = f (xnew) + bsite + bsite, Cfcontent × Cf contentold

+ Bplot + Btransect–year + Btransect + Byear, (3)

where lower-case b denotes the estimated site effects (Empirical
Best Linear Unbiased Predictors - EBLUPs), which are obtained
from the training data and Cf contentold denotes the Cf content
of the site, which is also available from the training dataset. The
site-specific EBLUPs are averages per site that have been shrunk
towards 0 depending on the amount of variation observed among
the sites. By assuming that the site effect is known, the site-specific
variation vanishes in the corresponding variance:

var(ynew) = 0+ 0+ σ 2plot + σ 2transect–year

+ σ 2transect + σ 2year + σ 2residual. (4)

In other words, the components σ 2site and σ 2site, Cf content are now set
to zero in the partitioning of the variance, reflecting that the predic-
tion exploits the information available (in the training data) con-
cerning this particular site. Consequently, the prediction is biased
away from the overall population (corresponding to EBLUPs equal
to 0) and towards the specific site of interest and the prediction
becomes more accurate. At the same time the variance is reduced,
yielding a more precise prediction (Hastie et al., 2009).We note
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that by taking the above argument one step further we find that
the minimum mean squared error (MSE) achievable is equal to
σ 2residual, which would occur in the unrealistic case where plot,
site, transect and year effects were known but not the residual
error attached to each individual soil sample.
A related approach is to use neighbouring sites for the prediction

at a new site:

ynew =f (xnew) + (�n
i=1bsite,i + bsite,Cf content, i ×Cf contentold,i )/n

+ Bplot + Btransect–year + Btransect + Byear (5)

where the EBLUPs of n neighbouring sites, denoted bsite,i , . . . ,
bsite,n and bsite,Cf content, i , . . . , bsite,Cf content, n, have been averaged.
The improvement in the prediction achieved by adding the
average of the EBLUPs (adding a bias) will depend crucially on
the neighbouring sites being relatively similar to the new site;
otherwise the accuracy of the prediction is not improved. This
approach may only be reasonable for geographical regions that
are relatively small, such as Tartu County.

Random forests approach

The random forests approach improves the prediction accuracy
of regression tree methodology by reducing the variance without
increasing the bias too much. By averaging a large number
of regression trees that are generated from the training data, a
random forest is constructed. For each regression tree only a
subset of the explanatory variables is considered at each division
(Liaw & Wiener, 2002). The generated regression trees will
involve different combinations of explanatory variables, but in
general none of these will provide better prediction models than
that based on the entire training data. However, each individual
tree may still capture some particular or unique feature in the
data and therefore each of these trees is said to be a weak
learner. By combining the generated trees into a weighted fit
we can predict many of the features in the data accurately as a
consequence of the accumulated knowledge. The random selection
of subsets of explanatory variables provides a convenient way
to handle datasets with many variables without having to decide
on which to include or omit. The random forests approach is
ideal for constructing prediction models from large datasets with
many explanatory variables. In contrast, for the ancova and to
some extent the mixed model approaches, the handling of many
explanatory variables often requires careful choice.
The random forests approach results in a smaller prediction

error (reduced variance) and much less over-fitting (Breiman,
2001). The price paid for the improved prediction is that the
relationship between the response and explanatory variables is
difficult to interpret because the approach is a black-box one, and
it is difficult to link the predicted values to the specific values or
configurations of explanatory variables. The relative importance
of the explanatory variables included may be assessed by using
variable importance measures. For each explanatory variable
the importance measure is obtained by averaging tree-specific

differences between MSE for the original model and for the
model where the values of the explanatory variable have been
randomly reshuffled, thus destroying the effect of the explanatory
variable (Liaw & Wiener, 2002). Analysis of variance was used
to provide additional insight into how the variation is distributed
across the explanatory variables in ancova and the mixed-model
approach.
The random forests approach has been used previously in

studies for predicting the spatial distribution of SOC (Grimm
et al., 2008; Wiesmeier et al., 2011) and is a powerful tool.
We used soil type, Cf content, A-horizon thickness and year as
explanatory variables in a random forests approach.

Software

All prediction models were fitted using the statistical environment
R version 2.13.1 (R Development Core Team, 2011). The
extension package lme4 was used for the mixed-model analysis
(Bates et al., 2011) and the extension package randomForest for
the random forests approach (Liaw & Wiener, 2002).

The Estonian large-scale soil map and area of case study

The soil map of Estonia is based on a systematic large-scale
mapping of soil cover that took place from 1954 to 1992. The
soil map was digitized in 2001 at the scale of 1:10 000 and is the
property of the Estonian Land Board (2012). The soil map covers
the area of 43 300 km2, which is the whole territory of Estonia
excluding towns and settlements. The Estonian soil map database
contains information about the soil type (after ESC), soil texture,
A-horizon thickness and stoniness. We considered the specific case
of Tartu County in southeast Estonia as an example for predicting
SOC concentrations from the model with the most accurate results.
Tartu County covers 6.9% of Estonia’s land surface and 35% of
its area is in agricultural use (Astover et al., 2010).
The soil map covers the entire county, including both arable

and forest regions. Thus, as a first step we used a field layer
(1:5000–1:10 000) derived from the Agricultural Registers and
Information Board (ARIB) to distinguish arable areas from others
on the digital soil map as the prediction models were developed
for mineral arable soils only. The soil data on arable areas from
the modified soil map (35% of the county) provided the basis
for predicting SOC concentrations for soil-type-based polygons.
Secondly, the model with the greatest prediction accuracy was
applied to the soil map data, whereby the site-specific effects were
averaged based on neighbouring sites, as described previously. As
the soil database contained soil texture classes, not Cf content,
we used a mean approach to get approximate Cf content values
(sand, 7.5%; loamy sand, 15%; light loam, 25%; medium loam,
35%; heavy loam, 45%; clay, 60%). To illustrate the predictions
by means of a generalized thematic map we (i) calculated the
weighted averages of predicted SOC concentrations based on a
grid (50 × 50 m2) and (ii) created a grid thematic map produced
by interpolating the weighted averages of the predicted SOC
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(inverse distance weighting interpolator). The GIS analysis was
performed using MapInfo Professional (version 9.5).

Results

Gleysols and gleyic soils (G, Kg, Kog, KIg and LPg) had larger
SOC concentrations than soils without reducing conditions (Kr,
K, Ko, KI, LP and Lk) and those formed on carbonate-rich parent
material (Kr, K, Ko and KI) had greater SOC concentrations than
carbonate-free soils (LP and Lk) (Figure 1).

Comparison of prediction models

The results reported here were obtained for validation data (see
Table 1 for additional results for the training data). The median
approach resulted in the poorest prediction accuracy (Table 1).
Additionally, the observed and predicted values were not in
good agreement; the range of predicted values was between 0.75
and 4.07% (Figure 2a). The prediction accuracy for the ancova
was better than the median approach with an MSE of 0.23%2

(see also Figure 2b). Soil type explained 91% of the variation
in SOC concentration, whereas Cf content, A-horizon thickness
and soil type–Cf interaction contributed in total 2%, leaving 6%
unexplained.

The random forests approach was successful with an MSE of
0.17%2, similar to the ancova results (Figure 2c). The measure of
the importance of explanatory variables revealed soil type as the
most important in explaining the variation in SOC concentration
distribution. Although the MSE for the random forests model
was smaller than the median and ancova approaches (Table 1),
the visual agreement between observed and predicted SOC
concentrations was similar for the three approaches (Figure 2a–c).
Predictions for SOC concentrations larger than 4% were not

achievable by these methods (Figure 2a–c) as the predicted values
underestimated the observed values.

Inclusion of random effects in the model substantially increased
the prediction accuracy, producing the smallest MSE for the
mixed model from all candidate models (Table 1; Figure 2d).
Again, soil type was dominant in explaining variation in
SOC concentration (84%). Thus, the contributions of A-horizon
thickness and soil type–Cf content interaction are marginal
(9.7 and 6.7%, respectively) in explaining variation in SOC
concentration. Among the random effects most of the variation
was from the sites (49%), whereas the plots were responsible for
18%: the remaining effects each contributed less than 10% of
the variation, except for the residual variation (within each survey
plot), which was slightly larger (12%). Thus, the variation between
the sites provided the largest contribution to the random variation

The results of visual assessment of observed and predicted SOC
concentrations indicate a two-group pattern for all relationships
in Figure 2. SOC concentrations greater than 3% were more
scattered around the line whereas smaller values were more
densely grouped. These larger SOC concentrations are usually for
the hydromorphic soils such as gleyic soils and gleysols.

The model with the greatest prediction accuracy

The validation of the four models (Table 1) indicated that the
mixed model had the greatest prediction accuracy. Thus, the
mixed model was used for obtaining predictions for the test
dataset, resulting in an MSE of 0.05%2. Observed values agreed
well with predictions (Figure 3), although the spread around the
one-to-one line was slightly larger than results from the mixed
model (Figure 2d): some observations for the former deviated
markedly from the line. The deviating observations were mainly
from Gleysols with observed SOC concentrations of more than
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Figure 1 Variation in SOC concentration (%) by soil type in the A-horizon according to Estonian Soil Classification: D = Colluvic Regosol (Cumulihumic)a;
E1 = Haplic Cambisol, Cutanic Luvisol, Umbric Albeluvisol slightly eroded ; E2 = Aric Regosol (Eutric) moderately eroded ; G = Luvic Mollic Spodic

Gleysol ; K = Haplic Cambisol and Regosol ; KI = Cutanic Luvisol ; KIg = Endogleyic Cutanic Luvisol (Humic); Ko = Haplic Phaeozem; Kog = Endogleyic
Phaeozem; Kr = Haplic Regosol ; Lk = Umbric Carbic Podzol ; LP = Umbric Stagnic Albeluvisol ; LPg = Umbric Stagnic Endogleyic Albeluvisol. aSoil
or soil association by World Reference Base (IUSS Working Group WRB, 2006). n = number of entries in the database.
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Table 1 Comparison of the four candidate modelling approaches by means of mean error (ME, %), mean squared error (MSE, %2) and root mean squared
error (RMSE, %) for the training and validation datasets

Training dataset Validation dataset

Prediction approach ME MSE RMSE ME MSE RMSE

Median 0.07 0.29 0.54 0.10 0.32 0.56
ancova −1.59 × 10−18 0.22 0.47 0.02 0.23 0.48
Random forests 0.001 0.09 0.30 0.03 0.17 0.42
Mixed model −6.50 × 10−7 0.01 0.09 0.01 0.06 0.24

3.7%. The actual range of predictions was 0.61–4.88%; thus,
the mixed-model approach was capable of predicting larger SOC
concentrations than the three other approaches. The estimated
standard deviations also indicate the minimum precision that can
be achieved for predictions as follows: site, 0.65%; plot, 0.22%;
both transect and transect-specific year, 0.08%; year, 0.05%;
and site-specific slope coefficient for Cf content, 0.02 (the latter
quantifies the site-specific variation around the estimated slope of
0.0003 of the linear relationship between SOC concentration and

Cf content). Thus, the largest gain in prediction accuracy can be
achieved if site information is available.

Model application: a case study of Tartu County

The mixed-model approach as described above was applied to
the data for Tartu County. The map with the predicted SOC
concentrations (weighted averages) on mineral arable soils shows
the local differences (Figure 4) (the white spots on the map
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Figure 2 Observed and predicted SOC concentrations are displayed for the four approaches considered, the median approach (a), ancova (b), random
forests approach (c) and the mixed model (d), by comparing observed and predicted SOC (%) values for the validation dataset. The grey dots show the
mixed model predictions obtained without using EBLUPs: the diagonal line is the 1:1 line.
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Figure 3 Performance of the best performing SOC prediction model (the
mixed model) based on test dataset: the diagonal line is the 1:1 line.

correspond to towns and cities and other areas with no agricultural
activity). The predicted SOC concentrations vary substantially in
Tartu, from 0.6 to 4.8%, indicating large soil heterogeneity. Most
of the arable soils in Tartu County have SOC concentration in
the 0.8–1.2% class, especially in the south of the region, where
the dominant soil type is LP (Umbric Stagnic Albeluvisol ). The
occurrence of SOC concentrations above 2% was very rare and
reflected the absence of gleyic soils.

Discussion

Comparison of models

Prediction models for SOC concentration in mineral soils of arable
land with conventional tillage that are based on legacy soil data
are scarce in the literature. The mixed-model approach that we
used had the best prediction accuracy, because it was able to use

Figure 4 Mixed-model-based predicted SOC concentrations of mineral
soils in the arable areas in Tartu County.

the hierarchical data structure. Among the models not exploiting
the hierarchical structure, the random forests approach provided
much greater prediction accuracy than the median or ancova
approaches. Thus, the random forests model should be preferred
over median and ancova models even in cases where a few
explanatory variables are available. As the explanatory variables
used in this study, particularly Cf content and soil type, are
universal and readily available in most soil monitoring networks,
soil databases and legacy soil maps in the world (Arrouays et al.,
2008), our findings may not be limited only to the database that
we have used. Suuster et al. (2011) obtained a similar result when
comparing mixed models and ancova models and this may be
explained by the fact that the mixed model approach shrinks
fixed-effects estimates towards zero and thus reduces the influence
of explanatory variables that are not contributing much to the
prediction (Vittinghoff et al., 2005).
We found large differences in prediction accuracy between

methods, as did Meersmans et al. (2008). On the other hand, Gray
et al. (2009) concluded that multiple linear regression, decision
trees and the median approach give broadly the same predictions
(the MSE was largest for the median approach and smallest for
the multiple linear regression). The different results, however, in
part result from differences in input variables: Gray et al. (2009)
used environmental factors (climate, parent material and topogra-
phy), while Meersmans et al. (2008) used soil texture, drainage
and land use information.
In a similar way to Gray et al. (2009), we found that the median

approach gave the least satisfying results for SOC concentration
prediction. The MSE for the median approach was the largest
among those considered and the predictions were only within a
limited range (0.75–4.07%) for the median approach. However,
no pattern in the predictions could be detected when the approach
over- or underestimated SOC concentrations. Thus, ease of appli-
cation and lack of assumptions on the SOC distribution when
using medians may result in unsatisfactory SOC concentration
predictions. The reason for the poor fits may be the complex data
structure, which was not captured entirely. In contrast, the mixed
model coped better with the variation imposed by sampling design.
Therefore, one of the major benefits of using mixed-model pro-
cedures for predicting SOC concentrations from a soil monitoring
network is the ability to reflect hierarchical data structures through
random effects. Moreover, dependencies in the data, which can be
used to link training and validation/test data, can be exploited in
the mixed model setting to improve accuracy. Likewise, geograph-
ical information can be incorporated in the mixed model through
spatial correlation and will introduce a dependency structure that
extends from the training data to the validation/test data. Krig-
ing is one way to use the spatial correlation structure across sites
(Lark et al., 2006; Minasny & McBratney, 2007; Kempen et al.,
2010). The mixed-model approach presented in this study could
be further improved by model-based kriging (Mishra et al., 2009,
2010). This option will be addressed in a future study.
We now try to understand the underlying soil-specific

mechanisms exploited in the models. The different methods
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included almost the same range of explanatory variables of soil
type, Cf content, soil type–Cf content interaction and A-horizon
thickness. Soil type has often been used in SOC concentration
prediction as it encompasses many different properties and varia-
tions through one summarizing code. Soil type is one of the most
important variables for predicting SOC next to land management
(Meersmans et al., 2008, 2009b; Bell & Worrall, 2009; Wiesmeier
et al., 2011). Our results support this conclusion as soil type was
the most important explanatory variable in all methods examined.
Nevertheless, including soil type as the only explanatory variable
may not be sufficient (Bell & Worrall, 2009).
Land management practices influence the amount of carbon

sequestered into soil and loss of carbon from the soil (Powlson
et al., 2011). We were not able to use land management
information, but we can still see the influence on our predictions.
For the mixed model the effects of site and plot were found to
have very large estimated variances compared with other random
effects, indicating their importance in capturing major components
of the variation present in SOC. A tentative conclusion is that these
site-specific effects reflect agricultural management (fertilizers,
liming and drainage intensity) and topographical information such
as curvature and slope. Likewise, we note that overall climate
and crop-rotation effects contribute to the year-to-year variation
although its estimated variance is smaller than for site.
It is well established that soils with larger Cf contents usually

have larger SOC concentrations because of the stabilizing effect
of clay particles. Cf content was relatively important in all of the
models. The estimated fixed-effect slopes for soil-type-specific
Cf content in the mixed model were positive, confirming that
soils with greater Cf content (>50.1%) have a greater SOC
concentration than sandy soils. Thus, the mixed-model approach
appears to combine soil-specific relationships (captured in the
fixed-effects part of the model) and sampling-specific structures
(captured in the random-effects part).

Limitations

McBratney et al. (2002) pointed out that the prediction cannot
readily be generalized beyond the specific geomorphic region.
This criticism may also to some extent apply to the present
study. However, some of the soil type compositions occurring
in the Estonian database are very similar to structures found in
other boreal pedoclimatic conditions. The measurement methods
may also vary between countries. Having such similarities and
discrepancies in mind, this study may provide some guidance
on how to choose between different approaches for predicting
SOC concentrations. It may still be necessary to adjust the
models according to specific data configurations, as reflected in
the available explanatory variables as well as in the data structure
imposed by the applied sampling scheme.

Conclusions

Four different methods were used to predict SOC concentration in
mineral arable soils in Estonia: these were the median, ancova

and mixed-model approaches and random forests. The results
showed that the mixed model gave the most accurate predictions.
The main reason for this finding is the ability of the mixed model
to capture the variation introduced by the sampling design. The
median and ancova models both had MSE values larger than
the mixed-model approach and random forests. Although median
and ancova models had merits over the latter methods, such as
easy interpretation and application, and required less input data,
they exhibited difficulties in capturing the entire range of SOC
concentrations, especially at large concentrations. Random forests
were an acceptable alternative, with prediction errors smaller than
those from the median and ancova models. The application of
prediction models to the legacy soil map data highlighted the
advantages of having accurate prediction models. Finally, we note
that the entire framework for predicting SOC concentrations based
on legacy soil data introduced in this paper can easily be up-scaled
to country level.
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Summary

Soil scientists often use prediction models to obtain values at unsampled locations. The spatial variation in
the soil is best captured by using the empirical best linear unbiased predictor (EBLUP) based on a restricted
maximum likelihood (REML) approach that efficiently exploits available data on bothmean trends and correlation
structures. We proposed a practical two-step implementation of the REML approach for model-based kriging,
exemplified by predicting soil organic carbon (SOC) concentrations in mineral soils in Estonia from the
large-scale digital soil map information and a previously established prediction model. The prediction model
was a linear mixed model with soil type, physical clay content (particle size < 0.01mm) and A-horizon thickness
as fixed effects and site, transect, plot, year, year-transect random intercepts and site-specific random slopes for
clay content. We used only the site-specific intercept EBLUPs for estimating spatial correlation parameters as
they described most of the variation in the random effects (86.8%). Fitting an exponential correlation model to
these EBLUPs resulted in an estimated range of 10.5 km and the estimated proportion of the variance from the
nugget effect was 0.23. The results of a simulation study showed a downwards bias that decreased with sample
size. The results were validated through an external dataset, resulting in root mean square errors (RMSE) of 1.06
and 1.07% for the two-step approach for kriging and the model with only fixed effects (no kriging), respectively.
These results indicate that using the two-step approach for kriging may improve prediction.

Introduction

Predicting soil properties is an intrinsic part of many soil scientists’

routine work. However, available data are often too scarcely

distributed to be used without initially applying a kind of prediction

model to extrapolate from available database information to soil

maps with an adequate resolution for supporting decision making

as required in agricultural management (Bocchi & Castrignanò,

2007). As the content of such databases is usually limited with

regard to the number of sampling locations or sites, it is important

to use data-analytical approaches that condense as much database

information as possible into operational prediction models.

Soil monitoring networks provide data retrieved from

design-based and model-based sampling strategies for carry-

ing out field surveys. The advantages and disadvantages of both

strategies are thoroughly discussed by Brus & De Gruijter (1997).
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A prerequisite for using design-based methods is that samples are
collected through a random sampling scheme. In practice, however,
sampling is not completely at random because this would be too
costly and labour intensive. Instead, the samples are collected,
at least partly, through systematic sampling by means of grids or
transects. As pointed out by Lark & Cullis (2004), linear mixed
model methodology offers a flexible and powerful approach for
modelling systematic variation in soil properties (through so-called
fixed effects) while accounting for the spatial variation and vari-
ation introduced through systematic sampling schemes (through
so-called random effects). Linear mixed models have been used
for predicting soil properties in a number of different contexts
(Haskard et al., 2010; Maia et al., 2010; Suuster et al., 2011, 2012;
Doetterl et al., 2013).
Lark et al. (2006) introduced the REML-EBLUP (restrictedmaxi-

mum likelihood-empirical best linear unbiased predictors) approach
for predicting soil properties, an approach that exploits both mean
trends and correlation structures in the spatial distributions across
the sampled region in order to produce predictions. Linear mixed
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models form the backbone of the approach and they are fitted with
restrictedmaximum likelihood (REML) estimation rather than ordi-
nary maximum likelihood estimation to avoid downwards-biased
estimates of the variance parameters. The EBLUPs provide the link
between the linear mixed model framework and kriging as they are
the key quantities for capturing the spatial distribution in the data.
The REML-EBLUP approach has been used in a number of appli-
cations in soil science (Minasny & McBratney, 2007; Chai et al.,
2008; Santra et al., 2012). Moreover, Suuster et al. (2011, 2012)
demonstrated that, even without using all available spatial infor-
mation through model-based kriging, linear mixed model method-
ology and the use of EBLUPs still offers a powerful approach
for obtaining predictions when compared with commonly used
machine learning and regression techniques. These authors demon-
strated improvements in prediction although they did not fully
exploit the spatial data structure by assuming a spatial correlation
structure.
However, in the literature there is a lack of concrete and transpar-

ent examples of how all the steps in the data analysis are actually
carried out in practice using statistical software. Only a few publi-
cations provide appendices or supplementary material that actually
show how analyses were carried out. Also, for open source software
such as R (R Core Team, 2014) there seems to be a shortcom-
ing when it comes to functionality for fitting linear mixed mod-
els with spatially correlated random effects. The packages gstat,
geoR and geoRglm provide a wide range of methods and tools
for carrying out kriging and model-based geostatistics (Ribeiro &
Diggle, 2001; Christensen & Ribeiro, 2002; Pebesma, 2004). How-
ever, they do not provide functionality for analysing hierarchically
structured data by means of linear mixed models with random
effects that are spatially correlated. Specifically, when consider-
ing relevant mixed model functionality in R, the model fit function
lme() in the package nlme (Pinheiro et al., 2014) allows for spa-
tially or temporally correlated residual terms but it is not possible
to define a spatial correlation structure between random effects.
However, such a correlation structure would be needed if repeated
measurements were available for each of the sampling sites in a
particular study.
The aim of this paper is to propose a flexible two-step implemen-

tation of the REML-EBLUP approach in open-source statistical
software. The proposed approach addresses the shortcomings
that currently exist in such software, but also, on a more general
note, provides an alternative estimation procedure for handling
analyses of complex hierarchically structured spatial data, an
approach that may also be of interest in other contexts. We
believe that the availability of such an open-source software
infrastructure could promote a more widespread and routine
use of state-of-the-art statistical methods by practitioners of
soil science. We demonstrate the usefulness of the approach
in a case study where the spatial distribution of soil organic
carbon (SOC) concentrations in mineral soils in Estonia is pre-
dicted from available soil map data and an established prediction
model.

Materials and methods

SOC concentration data

Data used for fitting the linear mixed model were collected by
the Estonian national arable soil monitoring network during two
periods: 1983–1994 and 2002–2008. In total, 79 representative
sites all over Estonia were monitored. As the monitoring sites
were located only at mineral soils, peaty and peat soils have to
be neglected from the prediction model. Each sampling site had
four transects with 10 plots (1m2) in each transect. At every
plot, A-horizon thickness, SOC concentration (determined by wet
digestion with acid dichromate of carbon) and physical clay (Cf;
particle size < 0.01mm) content (%) were measured.
In the case study, the SOC values were predicted on the Esto-

nian soil map (Estonian Land Board, 2013). This large-scale soil
map (1:10 000) is in the Lambert-EST coordinate system and con-
tains information about the soil type (according to the Estonian Soil
Classification), texture, stoniness and A-horizon thickness. Texture
classes available from the map database were used to get approxi-
mate Cf content values for the model by using average Cf content
(sand, 7.5%; loamy sand, 15%; light loam, 25%; medium loam,
35%; heavy loam, 45%; clay, 60%). As the soil map covers all
of Estonia, we had to select the arable land and mineral soils for
the prediction model. A field map derived from the Estonian Agri-
cultural Registers and Information Board was used to identify the
arable soils suitable for the prediction model. For additional details
on the study design and the data collection we refer to Suuster et al.
(2012).
The validation data were sampled in a sub-region of Tartu

County as part of an agrochemical survey in Estonia carried out
in 2002–2004. In total, SOC concentration data for 85 arable
fields were available for validation. The survey scheme was to take
one composite soil sample from a 3–5 ha field. We used centroid
coordinates to match these fields to soil map data. We extracted soil
type and texture data (for mean Cf content) from the soil map data as
in the survey only SOC concentration was measured. The selected
sub-region for model validation contained 3 of the original 79 sites
used in the second step. The study area for the validation dataset
with the sites used for fitting the mixed model is shown in Figure 1.

Model-based kriging in two steps

We used the linear mixed model formulated for our case study to
provide an illustration of the methodology. This model involved
six levels of random effects, which were partly nested and partly
crossed, and it may be formulated as follows:

SOC =𝛽1 (soil type) + 𝛽2 × A (cm) + 𝛽3 (soil type)

× Cf content + Asite + Bsite × Cf content + Cplot

+ Dtransect + Eyear + Ftransect−year + 𝜀. (1)

The fixed effects structure (the 𝛽1, 𝛽2 and 𝛽3 parameters) corre-
sponds to linear relationships between SOC and Cf content with
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Figure 1 Map of sites (flags) for fitting the
linear mixed model used in the first step of the
proposed approach. In the circle the sites in
the validation dataset (crosses) with the original
sites (flags with site names) are zoomed in.

intercepts and slopes depending on the soil type, and additionally
there is a separate gradient effect of the A-horizon thickness. The
random effects structure includes random intercepts for site, plot,
transect, year and transect by year as well as site-specific random
slopes for Cf content. The random intercepts and slopes for sites
(the A and B) and random intercepts for plots and transects within
sites (the C and D) and years and transects within years (the E and
F) as well as the residual errors (the 𝜀) were assumed to follow inde-
pendent normal distribution with mean 0 and unknown variance
components. In the full formulation, we model Asite as normally
distributed with mean zero and with correlation depending on the
separation distance between two sites. However, we propose a flex-
ible two-step approach in which we initially considered the linear
mixed model but without the spatial correlation structure, thus con-
taining only fixed effects and non-spatial random effects as listed
above. Subsequently, spatial correlation was estimated using a gen-
eralized least squares procedure applied to the predicted random
effects obtained from the initial linear mixed model.
In the first step the appropriate linear mixed model with relevant

fixed and random effects was fitted. We may view the fixed effects
as a way to use available (recorded) information on soil properties
(Lark, 2012). In a sense, fixed effects reflect the variation in the
soil data that may be explained by existing knowledge, quantifying
it into a number of explanatory variables. In contrast, the random
effects capture the unexplained variation in the soil data. Linear
mixed models may be fitted by using maximum likelihood or,
to reduce downwards bias in the estimated variance parameters,
REML estimation (Lark & Cullis, 2004). Following standard
practice we used REML.
In the second step the additional information in the data regarding

the spatial correlation structure between sites was extracted through
a separate statistical analysis that takes the site-specific predicted
random effects obtained from the above linear mixed model fitted
in the first step as input data. These predicted random effects
are usually referred to as EBLUPs and they may be viewed as
reflecting most of the spatial information in the data (Robinson,
1991). Moreover, they are standard output from most statistical
software packages that allow the fitting of linear mixed models.

For the random effects at the highest level in the hierarchical
structure, it is well known that the corresponding predicted random
effects (the site-specific EBLUPs in our example) will, in general,
be less variable than the unobserved or assumed random effects,
a fact often referred to as shrinkage (Fitzmaurice et al., 2011).
However, it may be shown that, by ignoring the dependence of
EBLUPs on parameter estimates, the spatial correlation between
EBLUPs will be identical to the assumed spatial correlation of the
unobserved random effects in the model (for example by using the
equation (3.92) inMcCulloch et al., 2008). This is an approximation
for small datasets but the dependency will vanish asymptotically,
that is for large sample sizes. To our knowledge this fact about
EBLUPs has not previously been exploited for inferential purposes.
So based on this result we derived the following statistical model for
the site-specific intercept EBLUPs (the ui in Equation (2)): a simple
linear regression model only involving an intercept parameter
denoted 𝛽0 (assuming the slope parameter is equal to 0):

ui = 𝛽0 + 𝜀i, (2)

assuming that the residual errors (the 𝜀s) are mean-zero normally
distributed with standard deviation 𝜎site, which was already esti-
mated in the first step, but is also estimated in this second step.
However, for model-based kriging we will use the estimate from
the first step as the estimate from the second step will reflect the
shrinkage of the EBLUPs.
We considered two spatial correlation structures. The exponential

correlation structure with a nugget assumed the following correla-
tion between sites:

cor
(
ui, ui′

)
= (1 − 𝜂) × exp

(
−
d
(
si, si′

)

𝜌

)
, (3)

for predicted random effects ui and ui′ corresponding to sites
with coordinates si and si′ , respectively. This correlation structure
corresponds to an isotropic, exponentially decreasing correlation
as a function of the distance d(si, si′ ) between sites si and si′ .We
used the Euclidean metric. The parameter 𝜂 is the proportion
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of the total variance (and is a variance ratio between 0 and 1)
that may be attributed to a nugget effect. The parameter 𝜌 is the
distance or range parameter (in km), which controls how rapidly
the correlation vanishes: the smaller the value the more rapid is the
decay (Haskard et al., 2010). For distances between sites larger than
3𝜌 the corresponding random effects are effectively uncorrelated
with cor

(
ui, ui′

)
< 0.05 (Lark, 2009). As an alternative, following

the recommendation by Stein (1999), it may be more appropriate to
consider an isotropic Matérn correlation structure, which is defined
by means of the gamma function and modified Bessel function
of the second kind, denoted Γ and K𝜈 , respectively, as follows
(Haskard et al., 2007):

cor
(
ui, ui′

)
=

d(si ,si′ )
𝜌

× K𝜈

(
d(si ,si′ )

𝜌

)

2𝜈−1 × Γ (𝜈)
. (4)

This correlation structure involves two parameters, 𝜌 and 𝜈, which
control rate of decay and smoothness, respectively. Additionally, as
with the exponential model, a parameter for the nugget effect could
have been included (Sherman, 2011). Specifically, the parameter
𝜌 controls the rate of decay of the correlation (the smaller 𝜌, the
more rapidly the correlation vanishes) but although 𝜌 has the same
unit as used for the eastings/northings there is no general way
to scale up the parameter to get distances that result in specific
percentage reductions in the correlation. The larger the value of
𝜈 the smoother is the underlying random field characterizing the
spatial correlation. For 𝜈 = 0.5 the above exponential correlation
structure in Equation (3) is recovered as a special case and for 𝜈
tending to infinity (in an appropriate way) the Gaussian correlation
structure is obtained. The main advantage of the Matérn model
over the exponential model is that it allows estimation of the
degree of smoothness of the underlying random process (instead
of an a priori assumption of a certain degree of smoothness). As
the model defined in Equation (4) contained no random effects
but only the spatial correlation structure, inference was based on
generalized least squares REML estimation following Davidian &
Giltinan (1995) and Pinheiro & Bates (2000). For smaller datasets
we propose to estimate the smoothness parameter robustly using
a profile likelihood approach over a grid of values of 𝜈, using
generalized least squares only to estimate the range parameter for
each (fixed) 𝜈 value.
The estimated fixed-effects parameters, the estimated variance

component of the site-specific random intercepts (from the analysis
in the first step) and the estimated range parameter 𝜌 (from the
second step) were used to obtain predicted values and their standard
errors. Specifically, we inserted these estimates into standard mixed
model-based kriging formulas, such as equations (1.7) and (1.8)
given by Lark et al. (2006).
The statistical environment R version 3.1.2 (R Core Team, 2014)

was used for the statistical analyses. In particular, the R extension
packages lme4 and nlme were used for carrying out the first
and second steps, respectively (Bates et al., 2014; Pinheiro et al.,
2014). The Matérn correlation structure was available through the
extension package spaMM (Rousset & Ferdy, 2014). Note that

the correlation parameters in nlme are usually estimated on an
unrestricted logarithmic scale and subsequently back-transformed
using the exponential function. Spatial predictions were obtained
using custom-made R functions. Both data for the site-specific
EBLUPs only and R script for carrying out the two-step approach
for linear mixedmodel-based kriging reported in the Results section
are provided in Appendix S1. For the simpler situation where only
a single measurement was obtained per site the first step of our
approach may be skipped entirely. However, in this case customized
functionality is also available in the R package geoR.

Results

Simulation study

We generated a dataset from a simplified version of the linear
mixed model, which we needed for the case study reported on
in the next sub-section. We assumed zero mean and plot- and
site-specific random intercepts (two plots per site, each with two
measurements), which were assumed to have variances 0.5 and 5,
respectively. Additionally, the site random effects were assumed
to be spatially correlated according to an exponential correlation
structure (using the Euclidean metric). The residual variance was
set to 1. We considered three different values of the range parameter
(1, 2, 5 and 10 km) in combination with a realistic range for
the number of sites (25, 50 and 100, compared with 79 sites
in the actual case study) and assuming pseudo-replication over
3 years. We generated 1000 datasets for each combination using
randomly located sites (each coordinate sampled randomly from
a uniform distribution) within sampling areas (squares) of widths
5.5, 11, 31 and 45 for the considered range parameters 1, 2,
5 and 10, respectively. The resulting median estimated range
parameters along with the corresponding interquartile ranges are
shown in Table 1. The proposed two-step approach produced a
downwards-biased estimated range parameter. The bias decreased
as the number of sites increased.

Case study

As a first step we considered the linear mixed model for predicting
SOC concentrations previously established by Suuster et al. (2012).
The resulting estimated variance components are shown in Table 2.
It was evident that the main source of the variation in SOC data
was the variation between the sites, which reflects both natural
spatial variation and differences in agronomic practices such as
fertilizer application, ploughing depth and liming. This finding
was not surprising because the sites were the sampling units
with the largest spatial variation by far whereas the remaining
sampling units (plots and transects) were nested within the sites
(Suuster et al., 2012). This result also supported the assumption
that most of the spatial information in the data was captured by
the site-specific intercept EBLUPs and, consequently, estimation
of spatial correlation parameters without much loss of information
may be based solely on these EBLUPs.
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Table 1 Simulation results based on 1000 datasets generated from a linear
mixed model with plot- and site-specific random intercepts; the latter are
assumed to be spatially correlated according an exponential correlation
structure

Number of sites

25 50 100

True range / km Median range / km

1 0.7 (0.3, 1.4)a 0.8 (0.4, 1.5) 0.9 (0.5, 1.4)
2 1.3 (0.5, 2.9) 1.5 (0.8, 2.9) 1.8 (1.2, 2.9)
5 3.3 (1.4, 7.2) 3.5 (1.8, 7.2) 3.9 (1.8, 6.8)
10 5.1 (1.6, 11.3) 6.0 (2.3, 13.5) 8.4 (5.1, 14.8)

aInterquartile range in parentheses. Median and interquartile range of the
estimated range parameters from the proposed two-step approach applied to
each of the generated datasets are shown for combinations of the true range
of the generated data and number of sites.

Table 2 Estimated variance components from the linear mixed model fitted
in the first step, shown on the squared SOC scale and as percentages of the
total estimated variance in the model

Random effect
Estimated
variance

Percentage of
total variance

Site (intercept) 0.548 86.8
Site (slope on Cf content) 0.001 0.1
Plot (nested within transects) 0.048 7.7
Transect (nested within sites) 0.004 0.7
Transect-year (nested within year) 0.009 1.4
Year 0.002 0.3
Residual error 0.019 3.0

In the second step for the exponential correlation structure we
obtained the following estimated nugget (as a proportion) and range
with corresponding approximate 95% confidence intervals: 0.23
(0.05–0.66) and 10.5 (2.4–46.1) km, respectively. Moreover, the
estimated site-specific variance component was 0.50%, which was
because the shrinkage of the EBLUPs was somewhat smaller than
the value reported in Table 2 for the analysis carried out in the
first step. For the Matérn correlation structure we estimated the
smoothness parameter to be 0.13 (0.05–0.58), indicating a very
rough underlying process, which is not significantly different from
0.5 (at a 5% significance level), supporting the assumption that the
exponential correlation structure with a nugget more adequately
describes the lack of smoothness: Haskard (2007) reached a sim-
ilar conclusion. Moreover, we obtained a very imprecisely deter-
mined estimated range with the entire interval (0, ∞) as the 95%
confidence interval; this also indicates that there is not sufficient
information in the data to support a Matérn model.
For the validation dataset we calculated the root mean square error

(RMSE) for the proposed two-step approach. As a comparison we
also calculated RMSE based on the linear mixed model obtained
in the first step so that predictions were based on the fixed-effects
estimates only. Note that the approach described by Suuster et al.

(2012) was not applicable as there was no overlap between the
sites in the validation dataset and the sites used in the fitting of the
linear mixed model (see Figure 1). The exponential model (using
the two-step approach for kriging) resulted in an RMSE of 1.06%,
compared with an RMSE of 1.07% for the model only using the
fixed-effects estimates. There was in this example, therefore, only
a very modest gain in using the two-step approach.

Discussion

By exploiting the fact that that correlation structures are preserved
when replacing assumed (unknown) random effects by EBLUPs
(not affected by shrinkage), and linking existing functionalities in
the open-source statistical programming environment R, we have
implemented a novel and flexible two-step approach for carrying
out model-based kriging for complex hierarchical database struc-
tures. The under-estimation (downwards bias) in the simulation
results might be explained by the additional non-spatial depen-
dency between site-specific predicted random effects (EBLUPs)
introduced through insertion of parameter estimates. Therefore the
EBLUPs become more correlated than the unobserved site-specific
random effects, which were only assumed in the model to be spa-
tially correlated. This additional correlation will vanish as the num-
ber of sites increases. It is worth noting that the study areas were
increased in size as the considered range parameter was increased
(Stein, 1999). For any specific range value considered, we used the
same size study area regardless of the number of sites considered to
ensure comparable results. However, a more efficient design would
require that more sites should be spread out to capture more of
the exponentially decaying correlation (Lark, 2002; Zhu & Stein,
2005). This limitation may also in part explain the downwards bias.
The validation study showed a small gain in the accuracy of

the predictions. This finding is probably a result of the validation
dataset not being designed for the purpose of prediction. Validation
data only covered a small part of the entire study area used for
fitting the linear mixed model in the first place and only in a few
cases were sites in the validation data close to sites in the training
data in terms of the estimated range for the spatial correlation.
Moreover, the training dataset and external validation dataset were
obtained using different sampling schemes. The training data were
from point sampling whereas for the validation data one sample
covered 3–5 ha. In the latter case some information was lost
because of ‘generalization’: in most cases the 3–5-ha plots included
several soil mapping units but we use only centroid point data
for prediction. It will also be useful to evaluate the predictive
performance of the proposed approach for datasets specifically
designed for obtaining predictions.
Our procedure may be extended to allow using other metrics such

as the city block metric as well as stationary and non-stationary
spatial correlation structures (Haskard et al., 2007; Lark, 2009).
In principle, the two-step approach should also be applicable for
spatial binomial and count data through the function glmer() in the
R package lme4.
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Limitations

The flexibility of the proposed two-step procedure comes at the
cost of losing some of the variation in the data because it is not
propagated from the first to the second step. Thus we did not
incorporate the uncertainty in the EBLUPs but simply assumed that
they were equally variable, an assumption that may be questionable
if large imbalances exist in sampling schemes between sites.
The predicted random effects were only asymptotically (for very

large datasets) identical to the unobserved random effects assumed
for the model, except for a scaling factor (McCulloch et al., 2008).
Therefore the proposed approach will result in under-estimates for
smaller sample sizes, but the bias will reduce as the sample size
increases. The method relies on the assumption that most variation
is captured by the random effects at the top level of the hierarchy,
corresponding to the crudest grouping in the experimental design.
Thus we only used the site-specific intercept EBLUPs available
from a linear mixedmodel for retrieving spatial information, but not
those for any of the other random effects in the model (one of which
was site-specific random slope). For the SOC data we considered
that this was motivated by the fact that the site-specific intercepts
random effects explained most of the variation and the remaining
random effects only provided very small contributions to the total
variation in the data. However, we believe that in many applications
in soil science it will be possible to identify a single random effects
variable that corresponds to sampling units (locations or sites for
example) with the largest spatial distribution (Lark & Cullis, 2004;
Haskard et al., 2010).

Conclusions

We proposed a novel, two-step modelling methodology for carry-
ing out model-based kriging. First, a linear mixed model was used
to capture non-spatial correlation that is independent of the spatial
distribution of sampling sites in the study. Then, in the second step,
spatial correlation between sampling sites was modelled. Through
simulations and a case study we have demonstrated that the pro-
posed methodology provides an attractive and operational alterna-
tive approach to obtain predictions based on model-based kriging.
The methodology is flexible in that it allows combined complex
hierarchical models with arbitrary spatial correlation structures as
they are essentially dealt with through separate models. Thus the
approach is both conceptually and from an implementation perspec-
tive separating spatial and non-spatial components of correlation.
This point of view may lead to a better understanding and appre-
ciation of various sources of variation often observed in practice.
In addition, as open source statistical software may be used, the
methodology may more readily be adopted by practitioners.

Supporting Information

The following supporting information is available in the online
version of this article:

Appendix S1. A practical two-step approach for mixed
model-based kriging, with an application to the prediction of
soil organic carbon concentration.
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