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Abstract—Soil respiration modeling (i.e., simulation of carbon dioxide emissions from the soil surface) makes
it possible to analyze and forecast changes in the carbon cycle in terrestrial ecosystems. Along with classical
regression models, researchers currently use machine learning methods based on neural networks or regres-
sion tree ensembles. However, models produced using these methods are often used as ‘black boxes’, which
hinders the analysis of process mechanisms. This paper demonstrates capabilities of the Random Forest algo-
rithm that can be successfully used to estimate effects exercised by various factors on soil respiration based on
features importance measurements. Using variance separation, predictors have been classified either as spa-
tial (biotope type, soil type, vegetation type, and soil moisture content) or temporal (soil and air temperature,
NDVI, LAI, FPAR, and SPEI). Several models were produced based on 5670 respiration measurements per-
formed during five growing seasons (2012–2016) on 30 sampling plots in south-taiga pine forests and mead-
ows that feature different vegetation and soil types but are confined to the same small area. Different models
include different sets of predictors (all predictors, temporal predictors only, spatial predictors only, and tem-
perature and humidity only), and their accuracy reaches R2 = 0.88 (MSE = 0.47). It is established that soil
respiration depends primarily on temporal factors whose importance ranges from 76 to 91%. In forests, the
effect of spatial factors on respiration is stronger than in meadows.
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INTRODUCTION
Mathematical modeling plays an important role in

the analysis and forecast of changes in the carbon
cycle. To enhance the quality of models, it is import-
ant to know the key factors that affect the intensity of
the main cycle components on various temporal and
spatial scales [1].

Mathematical modeling of soil respiration has been
developing for more than 50 years [2]. The most fre-
quently used predictors are soil temperature [3, 4]
and/or soil moisture content [3, 5–7] since these
parameters can be easily measured simultaneously
with respiration measurements. The identified rela-
tionships between respiration and these predictors can
be linear [8], quadratic [9], exponential [10], or
power-law [11].

Authors who use only temperature and humidity as
predictors present in each particular case satisfactorily
describe only their own data and are applicable only
on a scale of tens of meters. The nature of the depen-
dences may differ between individual sampling points
even in the framework of the same study [3]. This hap-
pens because many factors determining the spatial and

temporal variability of CO2 f luxes are not taken into
account [12].

An advantage of classical multiple regression meth-
ods is the possibility to directly assess the importance
of different predictors based on model coefficients and
select the most significant ones (e.g., using stepwise
regression [12]). However, these methods have signif-
icant limitations, including requirements to the data
types used (it is difficult to operate with variables on a
nominal scale) and relationships between individual
factors (there must be no correlation between predic-
tors). Therefore, an alternative approach is currently
being actively developed: machine learning-based
modeling.

One of the most common and popular machine
learning techniques are artificial neural networks.
They can use from several [16] to several dozen vari-
ables [17]. Such models describe soil respiration both
at local [18] and global [19] scales. However, the
authors almost never disclose the architecture of their
networks; they only list variables used to identify the
relationship and provide the number of nodes (blocks)
in the neural network [19, 20]. As a result, no one can
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use such models (e.g., verify them based on other data
sets) except for their authors.

To ensure that results using a neural network are
not limited to “black boxes” but give an insight into
process mechanisms, a special group of artificial intel-
ligence techniques has been developed: explainable
artificial intelligence. It is even recommended to
abandon the use of “black boxes” in favor of natively
interpretable models (21).

One such interpretable model type is the Random
Forest (RF) algorithm; it is increasingly widely used in
tasks involving regression, classification, and identifi-
cation of the most informative features [22]. The algo-
rithm is fundamentally different from the approach
used in neural networks. It involves using a large num-
ber (ensemble) of decision trees; each of these trees is
built based on a subsample isolated from the original
sample using random data selection and a portion of
available predictors [22, 23]. To ensure its high accu-
racy, responses received from many trees are averaged.
The main advantages of the method are as follows: (1)
relative protection from overfitting, even if the number
of features exceeds the number of observations; (2)
only two parameters are sufficient for tuning (the
number of trees and the maximum number of features
used for separation); (3) features measured on differ-
ent scales (ratio, ordinal, and nominal ones) can be
used; (4) importance of the selected predictors for the
model accuracy (feature importance) can be evalu-
ated; and (5) resistance to outliers. The main disad-
vantages of the method are its inability to extrapolate,
heavyweight models, and poor handling of linear rela-
tionships.

The RF application in soil respiration modeling
has just begun [24–31]; so, its popularity is still lower
compared to classical regression. Even though RF
ensures a greater accuracy in comparison with classical
models, not all algorithm features suitable for the
analysis of effects exercised by environmental factors
on soil respiration are used in modern studies. In other
words, most authors do not apply interpretation tools
to simulation results.

Objective—Not so much to produce yet another
CO2 emission model for a specific situation but
demonstrate the capabilities of the RF algorithm suit-
able for the assessment of effects exercised by environ-
mental factors on soil respiration rate. Typical south-
taiga forest and meadow biotopes with contrasting
vegetation were selected within a relatively small area,
thus, making it possible to exclude the effect of cli-
matic differences inevitable on a macroscale. The
main idea of the study was to analyze the roles of two
groups of factors: (1) factors more variable in space;
and (2) factors more variable in time. Their contribu-
tions to soil respiration variability were assessed in two
ways: (1) by comparing the importance of individual
predictors; and (2) by comparing the quality of models
with different combinations of predictors.
RUSSI
MATERIALS AND METHODS

Study Area

The study area is located in the south-taiga sub-
zone, 30 km southeast of Yekaterinburg. Field studies
were performed in different variants of forest and
meadow biotopes (Table 1). Ten sampling sites were
selected: 7 forest and 3 meadow sites (Fig. 1). The sites
are located within a triangle whose side dimensions
are about 1 km (vertex coordinates: 56.6072° N,
61.0480° E; 56.6072° N, 61.0682° E; and 56.5998° N,
61.0602° E). Distances between neighboring sites are
30–150 m. Three sampling plots were established on
each of the sites (30 plots in total). In pine forests
(except for two variants), their size was 10 × 10 m; in
wood-sorrel and dead-cover pine forests, 2 × 4 m; and
in meadows, 5 × 5 m.

In pine forests, sampling sites were established on
similar soils (except for dead-cover and young pine
forests); however, they differ significantly in the diver-
sity and abundance of the grass–dwarf-shrub layer:
from dead-cover to forb (Table 1). In addition, the
fireweed pine forest shows marks of a recent ground
fire; while soils under the young pine forest forming
on old arable lands are mechanically disturbed and
have no ground vegetation. The three meadow sites
were established in different edaphic conditions: from a
dry mowed meadow (M1) to a waterlogged meadow-
sweet meadow. All soils are slightly acidic (pH 4.7–6.0).

CO2 Emission Measurements

The rate of CO2 f luxes from the soil surface was
measured using the standard version of the closed
dynamic chamber method [32]. An Li-8100A field
respirometer (LI-COR Biosciences, USA) and poly-
propylene rings with an inner diameter of 105 mm pre-
viously installed in the soil at a depth of 3 cm were
used. On each sampling plot, measurements were per-
formed at ten randomly selected permanent points
(five permanent points in dead-cover and wood-sorrel
pine forests).

Studies were performed during the growing seasons
of 2012–2016 (from May to October). In total, 21
measurement rounds were performed (2012: August
23–24 and October 1–2; 2013: May 5–6, May 28–29,
June 20–21, July 24–25, August 27–28, September
24–25, and October 22–23; 2014: May 10–11, May
27–28, June 26–27, July 30–31, September 3–4, and
October 1–2; 2015: May 27–28 and June 29–30; and
2016: May 30–31, July 5–6, August 2–3, and October
5–6). The measurements were performed during day-
light hours (from 10:00 to 16:00). Special studies have
shown that soil respiration in this period does not dif-
fer significantly from the average daily values, which
makes it possible to compare results at different times
on different plots [33]. In total, 5670 measurements
were performed.
AN JOURNAL OF ECOLOGY  Vol. 53  No. 4  2022
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Table 1. Descriptions of studied sites

No. Biotope Code Dominants in the arborescent and grass–
dwarf-shrub layers Soil type (WRB)

Soil type 
(Classification 

and Diagnostics 
of Russian Soils)

Pine forests
1 Blueberry pine

forest
Sch Pinus sylvestris, single Betula spp. and 

Sorbus aucuparia in the undergrowth; 
Vaccinium myrtillus, gramineous species

Albic Retisols (Dif-
ferentic)

Typical sod–
podzolic soil

2 Eagle-fern pine
forest

Spap P. sylvestris, single S. aucuparia in the 
undergrowth; Pteridium aquilinum, 
Calamagrostis arundinaceae, V. myrtillus

Albic Retisols (Dif-
ferentic) and Pretic 
Luvisols (Siltic)

Typical sod–
podzolic soil and 
podzolized brown 
forest soil

3 Forb (fireweed) pine 
forest

SDG P. sylvestris, single Alnus spp. in the under-
growth; Chamaenerion angustifolium

Albic Luvisols 
(Loamic)

Podzolized brown 
forest soil

4 Gramineous pine 
forest

SZL P. sylvestris, single Betula spp. in the 
undergrowth; C. arundinaceae, Brachypo-
dium pinnatum

Albic Retisols 
(Clayic)

Sod–podzolic 
podzolized soil

5 Pine forest forming 
on old arable lands

SSG P. sylvestris undergrowth (10–15 years) Skeletic Combisols 
(Densic, Turbic)

Turbated brown for-
est soil in combina-
tion with turbozem 
soil

6 Dead-cover pine 
forest

SDC P. sylvestris Eutric Retisols 
(Densic)

Typical sod–
podzolic soil

7 Wood-sorrel pine 
forest

SA P. sylvestris, single S. aucuparia in the 
undergrowth; Oxalis acetosella, 
Rubus saxatilis

Albic Luvisols 
(Loamic)

Podzolized brown 
forest soil

Meadows
8 Dry forb meadow M-1 Poa spp., Geum rivale, Arctium tomento-

sum, Trifolium spp.
Haplic Luvisols 
(Densic)

Podzolized brown 
forest soil

9 Floodplain forb 
meadow

M-2 Carex spp., Aegopodium podagraria,
Vicia cracca,

Eutric Fluvisols 
(Siltic)

Typical alluvial 
gray-humus soil

10 Floodplain mead-
owsweet meadow

M-3 Filipendula ulmaris Gleyic Phaeozems 
(Clayic)

Gleyic alluvial gray-
humus soil
Data Analysis

Statistical data processing was performed in the R
v.3.6.2 software. In all cases, the sampling plot (i.e.,
mean of 10 (or 5) measurements) was used as a statis-
tical unit.

Two types of predictors were used for modeling:
parameters measured directly on the sampling plot
and Earth remote sensing data (Table 2). Soil tem-
perature (to an accuracy of 0.1°С) and volumetric soil
moisture content (to an accuracy of 0.1 vol %) were
measured by sensors connected to the respirometer
control unit: an Omega 88311E thermometer
(OMEGA Engineering, UK) and a ThetaProbe ML2
soil moisture sensor (Delta-T devices, UK). Air tem-
perature was measured by a thermal sensor built into
the respirometer chamber.
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The NDVI, LAI, and FPAR indices were deter-
mined based on 8-day moderate-resolution composite
images taken by MODIS spectroradiometers aboard
the Terra and Aqua satellites and provided by the
VEGA-Science service [34] (Table 2). These parame-
ters are often used to model soil respiration, vegetation
production, and vegetation gas exchange [35–39].

The Standardized Precipitation Evapotranspira-
tion Index (SPEI) was obtained from the global data-
base (http://spei.csic.es) [41]. It shows how dry the
studied period was relative to the norm over the past
several decades (in this database, since 1950). Index
values in the range from 0.99 to –0.99 indicate normal
humidity; from 1.00 to 1.49, moderate overwetting;
over 1.50, severe overwetting; from –1 to –1.49, mod-
erate drought; and less than –1.50, severe drought.
022
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Fig. 1. Location of studied sites:
Pine forests: (1) blueberry (Sch), (2) eagle-fern (SP), (3) forb (SDG), (4) gramineous (SZ), (5) overgrowth (SSG), (6) dead-
cover (SDC), and (7) wood-sorrel (SA); meadows: (8) dry forb (M1), (9) f loodplain forb (M2), and (10) f loodplain meadow-
sweet (M3). Map source: www.openstreetmap.org.
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To subsume a predictor under the group of spatial
or temporal factors, variance decomposition into
components was performed in a two-way analysis of
variance (VCA package [42]). A predictor is subsumed
under the group of spatial factors if the biotope type
makes a greater contribution to the variance; under the
group of temporal factors, if the measurement date
makes a greater contribution to the variance.

To implement the RF algorithm, the entire data set
was split into the training set (80%) and the test set
(20%) (caret package [43]). The regression was pro-
duced in the RF package [44] with the following
parameters: (1) number of trees = 500; and (2) maxi-
mum number of features used for separation = 3–5.
Model training was performed in four variants: (1)
complete set of predictors; (2) spatial predictors only;
(3) temporal predictors only; and (4) ‘standard’ set
used in most regression models: soil temperature, air
temperature, and soil moisture content. The test set
was used to evaluate the model quality based on the
RUSSI
determination coefficient (R2) and the mean of
squared errors (MSE).

To estimate contributions of temporal and spatial
factors, the features importance was determined based
on two parameters: %IncMSE (increase in MSE in the
course of random permutations of each variable) and
IncNodePurity (average increase in ‘node purity’ in a
tree computed based on the MSE value determined
prior to each node splitting in each tree). In most stud-
ies, only %IncMSE is used to estimate importance.
However, this study also uses IncNodePurity for mod-
els with the complete set of predictors: this parameter
is additive and, therefore, makes it possible to assess
relative contributions of variables.

For convenience purposes, absolute importance
values were expressed in percentage points. These two
parameters are not identical to each other, but do not
differ much (no more than a few percentage points).

The resultant models and code are available at:
github.com/IASmorkalov/Respiration_RF_2022.
AN JOURNAL OF ECOLOGY  Vol. 53  No. 4  2022
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Table 2. List of predictors used in modeling

Predictor Description Annotation

Tsoil Soil temperature at a depth of 5 cm Measured in close proximity to the soil 

respiration measurement pointTair Air temperature

Hum Volumetric soil moisture content at a depth of 5 cm

Soil type Soil type (WRB) See Table 1

Vegetation Vegetation type Forest/meadow

Biotop Biotope type Site (see Table 1)

NDVI Normalized difference vegetation index (usually correlates well with 

above-ground phytomass)

MYD09Q1 product, resolution 250 m

LAI Leaf area index (one-sided green leaf area per unit ground surface area) MCD15A2 product, resolution 500 m

FPAR Fraction of absorbed photosynthetically active radiation (sunlight 

fraction theoretically available for photosynthesis)

SPEI-1 Drought index computed for one month immediately preceding the 

measurements

Source: SPEI Global Drought Moni-

tor, spatial resolution 0.5°
SPEI-12 Drought index computed for 12 months preceding the measurements
RESULTS

Throughout the entire study period, soil respiration

remained within the range of 0.5–9.9 μmol СО2/m2 s

(Fig. 2a). The maximum values were observed in the
summer months; the minimum values, at the begin-
ning and after the end of the growing season. The
maximum difference between mean values computed
for different biotope types is 1.9 times. Soil respiration
is primarily determined by temporal variability: the
measurement date explains 60.9% of the variance. The
spatial variability effect is manifested to a noticeably
lesser extent: 10.4% of the variance. Most predictors
can be subsumed under the group of temporal factors
(the measurement date contribution to the variance
exceeds 75%): soil temperature, air temperature,
SPEI, NDVI, LAI, and FPAR (Fig. 3). Soil moisture
content was subsumed under the group of spatial fac-
tors (49.7% of the explained variance), although a sig-
nificant part (36.8%) of its variance was associated
with the measurement time. Such factors as vegetation
type, biotope type, and soil type are fully spatial; they
remained unchanged over the entire research period.

The analyzed factors differ insignificantly in differ-
ent biotopes, except for soil moisture content (Fig. 2):
the meadowsweet meadow is the wettest one, while
the dead-cover pine forest is the driest one; the differ-
ence between them reaches 3.3 times (Fig. 2d).

In all variants, the best approximation was
achieved for test samples using the full set of predictors
(Figs. 4–6). Temporal factors explain 76–77% of the
importance for the full data set and separately for pine
forests (based on IncNodePurity) and 91% for mead-
ows. The importance of the standard set of predictors
(soil temperature, air temperature, and soil moisture
content) is 37, 26 and 52% for the full data set, pine
forests, and meadows, respectively.
RUSSIAN JOURNAL OF ECOLOGY  Vol. 53  No. 4  2
In different models, the order of individual predic-
tors sorted by their importance is different. For
instance, for the full data set, soil temperature is of the
greatest importance (Fig. 4). Of the spatial factors,
biotope type is the most important one, while vegeta-
tion type is the least important one. In models using
limited sets of factors, the determination coefficient is
lower; while MSE, is higher. The lowest approxima-
tion quality was registered in models using only tem-
poral predictors.

In pine forests, NDVI and soil temperature are the
most important factors (Fig. 5). The importance of air
temperature is significantly lower in comparison with
soil temperature. Even if all the predictors are used,
the model produced for pine forests is less accurate
than that produced for the full data set.

The best approximation was achieved for meadows
(Fig. 6). Interestingly, the results using all predictors
and only temporal predictors are almost identical;
while the importance of air temperature is greater in
comparison with soil temperature. In models pro-
duced for meadows using only spatial factors, soil
moisture content is the most important factor.

In models using the standard set of predictors, soil
temperature is the most important factor in all cases,
while soil moisture content is the least important fac-
tor (Figs. 4d–6d).

DISCUSSION

Absolute soil respiration values obtained at the
height of the growing season for pine forests (1.3–

10.7 μmol CO2/m2 s) are close to values normally reg-

istered in forests at temperate latitudes: up to 4.3 ±
0.75 [45], 1.9–8.8 [46], 2.8–6.7 [47], 6.3–9.5 [48], 3.9–

6.9 [49], 4.4–11.4 [50, and 3.5–4.4 μmol CO2/m2 s [51].
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Fig. 2. Parameter values computed for the studied sites over the entire observation period: (a) soil respiration (μmol CO2/m2 s),
(b) soil temperature (C°), (c) air temperature (C°), (d) volumetric soil moisture content (m3/m3), (e) NDVI, and (f) LAI. Bio-
tope types are indicated on the horizontal axis (see Fig. 1 for codes). Horizontal lines represent median values; rectangles, 25%
and 75% quartiles; bars, 1.5*interquartile ranges; and dots, outliers.
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In meadows, the range of values is somewhat narrower

than in pine forests (1.5–9.9 CO2/m2 s), but wider

than ranges registered for grass ecosystems by other
researchers: 2.5–8.8 [52], 3.2–5.1 [53], 3.2–5.1 [54],

and 5.1–6.3 μmol CO2/m2 s [55]. The seasonal

dynamics featuring maximum CO2 emissions in the

summer months is similar to the dynamics described
for south-taiga forests [52] and north-taiga forests of
Eastern Siberia [51] and Central Siberia [56].

The vegetation type affects respiration, but not
always unequivocally. Analysis of the Respiration of
Russian Soils database shows that in almost half of the
cases, the vegetation type significantly affects the CO2

flux magnitude [57]; for instance, soil respiration in
meadow and forest coenoses is different [58]. Data
collected by different authors [52, 59] indicate that for
the same soil type, meadows feature a greater respira-
tion intensity than forests; a significant effect of the
soil type on respiration has been noted as well [60].
However, it was shown [61] that the growing season
AN JOURNAL OF ECOLOGY  Vol. 53  No. 4  2022
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Fig. 4. RF-based approximation of soil respiration data (μmol CO2/m2 s) collected in all biotopes. Here and in Figs. 5–6: (a) all
predictors, (b) temporal predictors, (c) spatial predictors, and (d) temperature and soil moisture content. R2 and MSE values are
provided for the training and test samples; importance (%IncMSE) values are provided for individual predictors (%). The dashed
line represents the ideal forecast line.
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duration also has a strong effect on the carbon dioxide
flux from the soil. In this study, the effect of the bio-
tope type reaches its maximum in models based on the
full data set or produced for pine forests only. Appar-
ently, meadow warming in early spring and cooling in
autumn eliminate the difference between meadows
and pine forests in average soil respiration over the
entire growing season. In other words, our results do
not contradict the literature data: differences between
different biotopes exist, but climatic factors play the
leading role.

Overall, our models demonstrate a high accuracy:

R2 reaches 0.88 (MSE = 0.47) for meadows and 0.79
(MSE = 0.59) for all biotopes. This is higher than the
accuracy of RF-based models produced for mountain

forests in the southern Rocky Mountains (R2 = 0.44,
MSE = 0.8) [25] and is comparable to models pro-

duced for sugarcane plantations (R2 = 0.8) [62], for all

forests of the northern hemisphere (R2 up to 0.86,

MSE = 2.16) [28], and for global respiration (R2 =
0.89) [27].
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The obtained determination coefficients are higher

in comparison with most classical regression models.

For instance, R2 values obtained for soil respiration in

the city of Kursk never exceed 0.6 even if a separate

equation is produced for each specific location [3].

Classical regression models achieve higher accuracy

levels in extreme conditions: for instance, R2 reaches

0.9 in mountain tundra biotopes [63] and 0.8 on a

transect in the mountains with a steep moisture con-

tent gradient [64]. In more complex simulation mod-

els, R2 is 0.34 and 0.77 for dry and humid years,

respectively [1]. Overall, the accuracy of models based

on neural networks does not exceed the accuracy of

classical regression: R2 ranges from 0.3–0.4 on a local

scale [18] to 0.6 on a global scale [19]. In other words,

unlike traditional parametric regression methods and

neural networks, the RF algorithm makes it possible to

satisfactory interpolate data even in the absence of

steep environmental gradients. Strictly speaking, R2 is

not the best efficiency criterion for comparison of dif-

ferent algorithms. But, unfortunately, publications
022
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Fig. 5. RF-based approximation of the soil respiration data (μmol CO2/m2 s) collected in pine forests.
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rarely present other techniques making it possible to

assess the quality of models; therefore, this metric is

used in our study.

To compare the accuracy of parametric models

with the accuracy of RF, multiple regression modeling

was performed for the full data set. The following

model characteristics were obtained for the test sam-

ple: (1) R2 = 0.55, MSE = 1.3 (full set of predictors);

and (2) R2 = 0.25, MSE = 2.21 (soil temperature, air

temperature, and soil moisture content). In the step-

wise regression implementation, only soil tempera-

ture, NDVI, and SPEI1 turned out to be significant

predictors, and the model accuracy was lower in com-

parison with the model using all predictors (R2 = 0.33,

MSE = 1.92). Therefore, the application of the RF

algorithm to the same data set made it possible to

describe these data much better compared to classical

regression models. In terms of efficiency, RF can be

inferior to parametric regression models and even to a

separate decision tree if the amount of data is small;

however, if the amount of data is sufficient, then RF

demonstrates better results [30].
RUSSI
Authors of [12] used a scheme similar to the one
described in this study to divide factors into spatial and
temporal ones; its criterion is as follows: mean vari-
ance computed for different dates is compared with
variance between points. The results of both studies
are pretty close with one exception: in the cited publi-
cation, in addition to soil and air temperature, volu-
metric soil moisture content is subsumed under the
group of temporal factors; while in this study, it
belongs to the group of spatial factors.

Results using the RF algorithm indicate that tem-
poral variables are of greater importance, which is
more typical for scales ranging from a few meters to
tens of meters. Perhaps, this is because the spatial res-
olution of the remote sensing data is comparable to the
size of the study area; as a result, the spatial spread of
these parameters was not significant. Interestingly,
different sites differed significantly in soil moisture con-
tent, but this did not have a strong effect on the soil respi-
ration rate, although this parameter is traditionally con-
sidered the main determinant of emissions [32].

Spatial factors (e.g., biome type) have a significant
effect on soil respiration on a regional or global scale
[19, 65]. The inclusion of spatial factors into models
AN JOURNAL OF ECOLOGY  Vol. 53  No. 4  2022
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Fig. 6. RF-based approximation of the soil respiration data (μmol CO2/m2 s) collected in meadows.
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significantly enhances their accuracy on a smaller
scale as well, but only in the presence of steep environ-
mental gradients. For instance, the inclusion of soil
moisture content into models produced for a steep
mountain transects on a scale of tens of meters

increases R2 from 0.5 to 0.8 [64]; while the inclusion of
soil pollution data on a scale of tens of kilometers,
from 0.2 to 0.74 [66].

Among the studied spatial variables, biotope type
turned out to be the most important one, although this
is true only for the full data set and pine forests, not for
meadows. It must be emphasized that biotope type is a
complex predictor that comprises all features of the
studied site, both accounted and unaccounted. There-
fore, models describing soil CO2 emissions, even those

produced on a scale of hundreds of meters, must take
into account not only temporal factors, but also spatial
ones. In meadows, the importance of all spatial factors
is less than the importance of temporal ones, even if
significant differences in soil moisture are taken into
account. At the preliminary analysis stage, several
chemical soil parameters (pH, organic carbon con-
tent, exchangeable Ca and Mg content, and mobile Fe
content) were also included in the model, but this did
RUSSIAN JOURNAL OF ECOLOGY  Vol. 53  No. 4  2
not enhance its accuracy; therefore, the above vari-

ables were excluded from the final analysis.

Remote sensing data significantly enhance the

model accuracy; a comparison with the standard set of

predictors clearly demonstrates this (Figs. 4b–6b and

6d). In a similar way, they enhance models produced

on a regional scale [39].

The model quality may deteriorate due to the “soil

memory” effect caused by previous impacts on differ-

ent temporal scales [67]. In recurrent neural networks,

“short-term memory” can be implemented to reduce

this effect [68]. In other modeling techniques, it is

necessary to introduce variables that characterize pre-

vious states of the system. In this study, SPEI was such

a variable: it characterizes wetting conditions preced-

ing the measurements. It turned out that in terms of

wetting conditions, the previous 12 months are more

important than the month immediately preceding the

measurement. This is somewhat consistent with the

discovered effect exercised by the total precipitation

amount over the spring–summer period on the total

annual CO2 emission [69].
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Overall, the obtained data on the importance of
individual parameters are in line with expectations:
temperature plays the leading role, which has been
repeatedly demonstrated earlier [32]. The inclusion of
spatial predictors enhances the model quality, espe-
cially in forests; this confirms the need to take into
account not only temporal, but also spatial compo-
nents of soil respiration variability [12]. The high
importance of NDVI indicates that models describing
carbon dioxide f luxes from the soil must incorporate
vegetation parameters as well. It must be noted that
the above conclusions apply only to the growing sea-
son since no studies were conducted in winter.

CONCLUSIONS

Despite the significant biotopic diversity compris-
ing two groups of biotopes (forests and meadows), the
rate of CO2 emissions from the soil primarily depends

on temporal factors. For meadows, the model accu-
racy is identical in variants using temporal factors only
and in variants using the full set of temporal and spatial
factors despite significant differences in wetting con-
ditions. By contrast, in pine forests, one of the spatial
factors (biotope type) is of great importance. This
indicates that soil respiration models, even those pro-
duced on a scale of hundreds of meters, must take into
account not only temporal factors, but also spatial
ones.

The feature importance assessment performed for
individual variables using the RF algorithm makes it
possible to interpret the simulation results in a mean-
ingful way. The possibility to simultaneously use vari-
ables of different types, including highly correlated
ones, makes the RF algorithm more f lexible in com-
parison with classical regression methods. But this is
not the only reason to recommend the RF algorithm
for wide use in models describing carbon dioxide
fluxes from soils: its undeniable capability to assess
contributions of various factors to the soil respiration
variability gives a better insight into underlying carbon
cycle mechanisms in terrestrial ecosystems.
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