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ABSTRACT: The Random Forest algorithm is a data mining technique used for classifying at-
tributes in order of importance to explain the variation in an attribute-target, as soil CO, flux. This
study aimed to identify prediction of soil CO, flux variables in management systems of sugarcane
through the machine-learning algorithm called Random Forest. Two different management areas
of sugarcane in the state of Sao Paulo, Brazil, were selected: burned and green. In each area,
we assembled a sampling grid with 81 georeferenced points to assess soil CO, flux through
automated portable soil gas chamber with measuring spectroscopy in the infrared during the
dry season of 2011 and the rainy season of 2012. In addition, we sampled the soil to evaluate
physical, chemical, and microbiological attributes. For data interpretation, we used the Random
Forest algorithm, based on the combination of predicted decision trees (machine learning algo-
rithms) in which every tree depends on the values of a random vector sampled independently
with the same distribution to all the trees of the forest. The results indicated that clay content in
the soil was the most important attribute to explain the CO, flux in the areas studied during the
evaluated period. The use of the Random Forest algorithm originated a model with a good fit
(R2=0.80) for predicted and observed values.
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Introduction On the other hand, the Random Forest algorithm over-
fits for some datasets with noisy classification/regression
The management conversion process from burned tasks.

sugarcane to green sugarcane has been studied on sev-
eral aspects, such as the increase of greenhouse gases
emissions (Panosso et al., 2009), greenhouse gas balance
(Figueiredo and La Scala Jr., 2011), productivity (Castro
et al., 2014), soil quality (Sant'Anna et al., 2009). Howev-
er, little focus has been given to CO, emissions related to
soil quality, more specifically to carbon stock and micro-
bial activity. The analysis of CO, emission by classical
statistics is not always enough to understand how this
process occurs in the soil as well as interactions with
other soil attributes. In this sense, the Random Forest
algorithm is a data mining technique capable of classify-
ing attributes observed in order of importance to explain
the variation in an attribute-target, soil CO, flux in this

study.

This algorithm was proposed by Breiman (2001)
and its main advantages are: (a) non-parametric nature;
(b) one of the most accurate learning algorithms avail-
able; (c) handling thousands of input variables without
variable deletion; (d) estimating important variables in

The use of the Random Forest classifier in CO, flux
prediction was effective to predict new cases. Grimma
et al. (2008) worked with digital soil mapping to predict
spatial distribution of soil organic carbon and concluded
that the Random Forest-based digital approach to map
soil organic carbon (SOC) provided SOC estimations of
high spatial resolution with estimated error and predic-
tor of importance. Rodriguez-Galiano et al. (2012) evalu-
ated the performance of the Random Forest classifier
for land cover classification of a heterogeneous area and
observed a good performance of this algorithm in the
context of classifications. It was higher than the standard
classification as a simple decision tree, for allowing a
greater differentiation between the different categories
of the study area. Moreover, the authors reported that
the variables identified by the classifier as the most im-
portant corresponded to expectations. This study sought
to identify prediction properties of soil CO, flux in sug-
arcane management systems using the Random Forest
classification model.

classification; (e) effective method to estimate missing

data with accuracy when a large proportion of data is

Materials and Methods

missing; (f) robustness in the presence of noise and un-

important variables; (g) high flexibility to perform sev-
eral types of data analyses, namely regression, classifi-
cation, and unsupervised learning (Rodriguez-Galiano et
al., 2012). Therefore, the Random Forest analysis can be
used in a wide range of fields, including the study on soil
attributes that shows a variability or anisotropic trend.
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Study site

The study was conducted in sugarcane areas lo-
cated in northern Sdo Paulo State, Brazil, near the coor-
dinates latitude: 21°19'8" South and longitude 48°7'24"
West, and approximately 500 m above sea level. The cli-
mate in the region is classified as B,rB'4a’, which means
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humid with small water, according to the Thornthwaite
system (Rolim et al., 2007) and topography of areas rang-
es from flat to undulating.

Description and history of experimental sites

The areas evaluated were managed under burned
sugarcane (BS) and green sugarcane (GS) harvesting sys-
tems. GS has a history of 10 years after converting from
the burning to the green system of sugarcane cropping.
The soil of the areas was classified as Haplustox, clay
texture.

The BS area was managed under the burning sys-
tem since the 1980s and during the evaluation period of
the experiment, between 2011 and 2012, the sugarcane
variety planted was at the 5% ratoon with an average
productivity of 67 t ha™'. On the other hand, the GS area
began without the burning system and with mechanized
harvesting in early 2001. In 2011, it was at the 5® sug-
arcane ratoon with an average productivity of 75 t ha™.
In the sugarcane plantation reform, 2 t ha™! of dolomitic
limestone and 480 kg ha' of NPK were applied. Over
the years (with the exception of the 2011-2012 period),
100 m=ha! of vinasse and 300 kg ha™ of area were ap-
plied on average in the areas.

In each area, a grid containing 81 sampling points
was installed in an area of 1 ha, whose points were geo-
referenced with the support of a total station and DGPS
(L1/L2 Hiper Lite Plus).

Soil properties observed

The soil penetration resistance test (PR) and soil
sampling for analyses were performed at the sampling
grid points. For the PR test (Stolf, 1991), an impact pen-
etrometer (model IAA/Planalsucar) was used, with a 30°
cone angle.

The response variable of this study is soil CO, flux
(FCO,), which was evaluated in the field in 81 points
of each sugarcane management area, simultaneously,
for 10 d during the dry period (23 Aug 2011 - 21 Sept
2011) and rainy period (26 June 2012, 04 July 2012) in
the morning (7-11 a.m.). The sampling in the grid was
previously planned to start and finish the CO, evaluated
by the same orientation in the grid of both areas aiming
to standardize the sampling time and save chamber bat-
tery power.

The CO, evaluation was performed using soil
chamber. The system detects changes in CO, concentra-
tion within the chamber by spectroscopy in the infrared
region (IRGA - Infrared Gas Analyzer). The equipment
is a closed system with internal volume of 991 cm?, with
soil contact area of 71.6 cm? and placed on PVC pipes
previously inserted into the soil at 3 cm deep and in
the green cane area, the PVC was installed after remov-
ing cane wastes. More details on the sampling protocol
for the chamber fluxes can be found in Tavares et al.
(2016b).

Soil Temperature (St} and moisture (Sm) were
evaluated simultaneously with the measurement of CO,
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concentration by a temperature sensor attached to the
soil chamber system. For water content in the soil, we
used the portable Hydrosense system on the soil layer
0-20 cm.

The variable microbial biomass carbon (MBC) was
evaluated in the same period and consisted of collect-
ing deformed soil samples at 0-20 cm layer, which were
stored at 4 °C after collection to maintain the moisture
until the analysis of MBC proposed by Jenkinson and
Powlson (1976). Other deformed samples were collected
in a single evaluation period, and used for the analysis
of organic carbon - C (Nelson and Sommers, 1982), pH,
P K, S (Rajj et al., 2001) and mean diameter weight -
MDW (Kemper and Chepil, 1965). Undeformed samples
were also collected with the aid of volumetric ring vol-
ume of 100 cm?® for soil density analysis (Sd), macropo-
rosity (Macro), and microporosity (Micro), according to
the manual of physical analysis (Embrapa, 2011).

Statistical modeling

Part of the data of this study was used in the geo-
statistical analyses aiming to study CO, spatial and tem-
poral variability (Tavares et al., 2016a). The principal
component analysis (PCA) was used to identify the fac-
tors that explain the variance observed (Tavares et al.,
2015; 2016b). Other analytical tools were used to find
approaches that were not previously detected, which
can elucidate the process under study.

For data interpretation, descriptive statistics
(mean and standard deviation) was used considering
that for the CO, flux, mean daily measurements were
obtained during the dry period of 2011 and the wet peri-
od of 2012. The mean differences of attributes between
the two management systems were tested by the t test
(p < 0.05), using the SAS program, v.9.2.

Some soil properties were selected to explain soil
CO, flux from a correlation matrix between all data in
which we excluded variables with null or constant vari-
ance, or variables strongly correlated to each other and
that did not contribute with information to the statistical
model (Grimma et al., 2008; Rodriguez-Galiano et al.,
2012). The algorithm used for elaborating the predictive
model of soil CO, flux was the Random Forest, which is
a classification and regression technique developed by
Breiman (2001). It consists of a set of combined decision
trees to solve classification problems. Each decision tree
is built using a random initial data sampling and, at each
division of these data, a random subset of m attributes is
used to choose the most informative attributes. Random
Forest generates a list of the most important attributes
in forest development, which are determined by the ac-
cumulated importance of the attribute at node divisions
of each forest tree (Hastie et al., 2009). The main steps
of the Random Forest algorithm are shown in Figure 1.

A decision tree is a graphic model represented by
nodes and branches in which intermediate or decision
nodes represent the attribute tests (independent vari-
ables), while the branches represent the results of these
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tests. The node located at the treetop represents its be-
ginning and is called the root node. The external node,
on the other hand, which does not have a descendant
node, located at the lower end, is called the leaf or ter-
minal node and represents the prediction value for the
target attribute or class (Han et al., 2011).

To elaborate the classification model using the
Random Forest algorithm, we selected 17 soil variables
or properties (65 % of the total observed variables) from
a correlation matrix in which we excluded those with
null or constant variance, or those that show strong cor-
relation among each other, represented by dark circles in
Figure 2. These properties were removed because they
do not provide relevant information to generate the sta-
tistical model. Thus, the properties selected were: Clay;,
MDW, §, PR, P, MBC, K, Cu, 8d, Macro, C, pH, CaCl,,
Micro, St, management system, Sm, and precipitation.

For model validation, we split the data in train-
ing and test sets, where % of data was used for training
and Y% for testing. In the training part, we used cross-

Predicting soil CO, flux

validation with 10 folds, and this method was used to
adjust hiperparameters of the model. After fitting the
model, the R*> and RMSE measures were evaluated in
the test set, which are standard metrics used in model
evaluation of machine learning algorithms with numeric
outcomes (Hastie et al., 2009).

Results

Temporal variability was not significant for the GS
area, according to Tavares et al. (2016a); therefore, the
soil CO, flux mean was combined both periods evalu-
ated (winter/2011 and summer/2012). Thus, the soil CO,
flux was higher (p < 0.05) in the GS management system
(2.68 pmol m2 s7!) compared to the BS management sys-
tem (1.53 pmol m2 s') (Table 1).

More than 70 % of selected properties presented
order of importance of 80-100 % in the Random Forest
model range to explain the soil CO, flux of sugarcane
management systems. Soil temperature and the effect of

Given a data set X = x4, xo, ..

Forb=1,2, 3,...B, repeat:

choice of each node.

End of repetition.

b=1

Sxiand Y=yy, yo,..., Y.

a. Create a bootstrap sample (X, Y5) with n examples of (X, Y).

b. Adjust an f* decision tree for the training set (Xs, Ys), using m attributes for the

Generate the final model: f(x)= ZB:fb(x] , Which calculates the votes obtained by the f>models,

resulting in a final classification according to the majority vote.

Figure 1 - Sketch of the Random Forest algorithm. Source: Breinman (2001).
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Figure 2 — Selection of soil properties used in the Random Forest classification model; Sm = soil moisture; C = carbon; Mn = manganese
content; St = soil temperature; MBC = microbial biomass carbon; S = sulphur content; Precipt = precipitation; Sd = soil bulk density; CO, =
soil CO, emissions; MDW = mean diameter weight; Cu = copper content; Zn = Zinc content; Macro = macroporosity; P = phosphorous content;
B = boron content; PR = soil penetration resistance; K = potassium content.
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the management system presented order of importance
of 50-60 % in the Random Forest model range, and pre-
cipitation and Sm showed no or little influence on soil
CO, flux (Figure 3).

Eight properties showed statistically significant dif-
ferences (p < 0.05) between sugarcane management ar-
eas, considering that four (PR, P, Sd, and Macro) showed
higher values in the GS area and four (clay, C, pH, and
Micro) showed higher values in the BS area (Table 1).

The clay content at had greater relevance due to
its classification as the most important attribute in the
ranking of the model to explain the variations in CO,

Variable Importance
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Figure 3 — Order of importance of properties selected for use in
the model generated by the Random Forest algorithm to explain
variations in the soil CO2 flux of sugarcane management systems.
Sm = soil moisture; C = carbon; St = soil temperature; MBC
= microbial biomass carbon; S = sulphur content; Precipt =
precipitation; Sd = soil bulk density; MDW = mean diameter weight;
Cu = copper content; Macro = macroporosity; P = phosphorous
content; PR = soil penetration resistance; K = potassium content.
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flux in the studied areas (Figure 3). Hence, clay content
in the soil was higher (p < 0.05) in the BS area (552.14
¢ kg') than in the GS area (531.57 g kg!).

Figure 4 shows the variation in CO, flux due to
clay content in the management areas. In the GS area,
the clay content is lower and CO, flux is higher, while
the opposite is observed for the BS area.

Model validation using % of observed data pre-
sented good coefficient of determination, R?> = 0.80, be-
tween observed and predicted data (Figure 5).

Discussion

Among the variables selected for the model gener-
ated by the Random Forest algorithm, the clay content
showed the greatest importance as the main attribute to
explain the CO, flux for the sugarcane management ar-
eas evaluated in this study. In the PCA, the clay content

GREEN BURNT
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21 Level
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14
04 L]
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Figure 4 - Effect of different levels of clay (g kg) content on soil
CO, flux (pmol CO2 m~ s7) in sugarcane management systems.

Table 1 - Descriptive statistics of the response variable (CO, flux) and other soil properties in sugarcane management systems.

Burned sugarcane Green sugarcane

Soil properties Unit Vean D Vean D

CO, flux pmol CO, m2 st 1.53b 0.69 2.68 a 1.30
Clay content g kg! 552.14 a 39.20 531.57b 31.50
Mean diameter weight Mm 1.64a 0.46 1.75a 0.50
S content mg dm-3 7.34a 4.75 7.26 a 5.80
Soil penetration resistance Mpa 281lb 0.96 3.46a 1.31
P content mg dm-3 15.89b 5.54 32.34a 20.29
Microbial biomass carbon ugC gld? 189.94 a 51.38 199.78 a 114.50
K content cmolc dm-3 5.24 a 2.40 4.86a 2.99
Soil bulk density gcm3 1.19b 0.12 1.38a 0.14
Macroporosity cm=cm= 0.20b 0.03 0.23a 0.05
Carbon content g kgt 29.5a 3.2 25.30b 3.60
pH - 5.22a 0.13 4.82b 0.26
Microporosity cm-3 cm3 0.37a 0.02 0.26 b 0.06
Soil temperature °C 24.73 a 3.55 21.85b 6.14
Soil moisture % 11.96 a 1.73 21.05a 3.86

SD = standard deviation.
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Figure 5 — The x and y axes represent, respectively, the observed
and predicted soil CO, flux values. The results confirm how the
Random Forest classification model fits well for prediction of soil
CO, flux in sugarcane management systems, through a regression
whose coefficient of determination (R?) was equal to = 0.80.

explained 4-15 % of the variance in soil CO, flux (Tava-
res et al., 2015). Thus, regardless of the type statistical
analysis, the clay content is an important soil attribute to
explain CO, emissions.

The clay content in the soil was higher in the BS
area when compared with the GS area. This difference
is an intrinsic characteristic of the soil type in each area,
resulting from the formation process with no or little in-
fluence of the management type. In addition, in the GS
area, where the clay content is lower, the CO, flux was
higher, while in the BS area, the clay content is higher
and the CO, flux was lower.

One possible explanation of the clay content effect
on the CO, flux is porosity, that is, soils with higher clay
content tend to have more micropores and fewer mac-
ropores, thus, macroporosity is the main attribute for
spatial distribution of soil gases. According to the Fick's
law, macroporosity provides a less tortuous path for the
CO, molecule in the soil (Alvends and Jansson, 1997;
Brito et al., 2009). In turn, soil microporosity provides
less linearity of porous space, with most devious paths,
hindering transportation of CO, from the soil into the at-
mosphere. Therefore, possibly, higher macroporosity in
the GS provided greater CO, emissions when compared
with the BS area.

Another hypothesis refers to one of the clay prop-
erties in soil, which is to promote the aggregation of
particles. It is an important process of soil carbon accu-
mulation and stabilization, because clustering provides a
physical protection to soil organic matter (SOM) against
microbial attack, as widely reported in the literature
(Carbonell-Bojollo et al., 2012; Edwards and Bremner,
1967; Elliott, 1986; Six et al., 2000; Tisdall and Oades,
1982). This physical protection promoted by the clay
content in the soil prevents OM loss in the form of CO,,.
According to Cerri et al. (2007), the increase in the SOM
amount reduces gas emissions into the atmosphere, pri-
marily CO,, CH,, and N,O.

In the BS area, the carbon content was higher than
in the GS area possibly because of cane ash deposition,
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which can increase carbon contents in the soil. On the
other hand, in the BS area, where clay content is higher,
there was a higher soil carbon content compared with
the GS area, where the clay content is lower. Studies
of Cerri et al. (2011) and Silver et al. (2000) showed the
effects of soil texture on carbon stocks, and observed a
direct correlation between clay content attributes and
carbon stocks, which highlights the importance of clay
content for the potential of carbon sequestration in the
soil and consequent reduction in CO, emissions. As re-
ported by Carbonell-Bojollo et al. (2012), CO, emissions
in three sites was explained by soil textural differences.
The area with higher clay content (62 %) showed lower
CO, emissions, while areas with lower clay content (44
and 9 %) showed higher CO, emissions.

The second variable with greater degree of impor-
tance was MDW, which evaluates the structural quality
of the soil. In both management areas, the MDW value
was statistically equal, but with great influence on CO,
emissions. Other attributes directly related to soil po-
rosity, such as Sd and PR, showed greater importance,
meaning a direct effect of CO, emissions on the soil.
Some studies also showed direct or indirect influence of
density and porosity on soil CO, emissions (Bicalho et
al., 2014; Epron et al., 2004; Xu and Qi, 2001).

Other attributes also showed great importance,
such as sulphur and phosphorus contents that are di-
rectly related to microbial performance, and conse-
quently, to CO, production (Nordgren, 1992; Tate, 1995).
Schwendenmann et al. (2003) investigated the spatial
and temporal variation in CO, emissions in forests and
reported the influence of phosphorus content in soil CO,
emissions. Corroborating this, the MBC, which repre-
sents the number of microorganisms per soil unit mass,
also had degree of importance in the prediction of CO,
emissions. Ball and Virginia (2015) observed soil CO,
emissions moderately increased with microbial biomass,
demonstrating a sometimes small, but significant role of
biological fluxes. A study of Xu and Qi (2001) proved
the direct relationship between CO, emissions and MBC
while monitoring both attributes.

Several studies indicate temperature and soil mois-
ture as the main factors that influence CO, emissions
(Carbonell-Bojollo et al., 2012; Epron et al., 2004; Epron
et al., 2006; Kosugi et al., 2007; La Scala Jr. et al., 2010;
Xu and Qi, 2001) by providing a favorable microclimate
for the development of microorganisms. However, in
this study, the effect of these attributes on CO, flux was
not very important because rainfall events did not occur
during the evaluation periods of CO, emissions in the
field, which kept CO, emissions stable over time.

The effect of the management system on CO, flux
showed an importance degree of 50 % on soil CO, flux.
The GS area presented CO, emissions higher than the
BS area did, possibly due to the presence of sugarcane
trash on the soil in the GS system. This is because as
sugarcane trash is decomposed, part of the plant residue
carbon is released as CO, into the atmosphere and part

285



Tavares et al.

is incorporated into the soil, increasing carbon stocks
(Cerri et al., 2011).

The same effect has been proven in various stud-
ies. For instance, the use of sugarcane trash on the soil
surface increased CO, emissions in pine (Fang et al.,
1998) and eucalyptus (Epron et al., 2004) crops with the
highest CO, emission in regions of higher concentra-
tion of sugarcane trash. Medeiros et al. (2011) detected
higher soil CO, flux in soil with straw (no tillage) when
compared with conventional management, because sug-
arcane trash keeps better conditions of moisture and
temperature, which favor microbial development. Len-
ka and Lal (2013) also detected higher CO, emissions
in soils with greater amounts of wheat straw (16 t ha!)
when compared with areas that had added 8 t ha™ and
Othal

Conclusion

The clay content in the soil was the most impor-
tant variable affecting CO, production in the studied ar-
eas. The use of the Random Forest algorithm enabled to
create a model that showed a good fit in relation to the
predicted and observed values, showing high potential
to predict new cases.
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