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ABSTRACT

Soil productivity indices represent ratings of the potential plant biomass production of soils. Inductive approaches determine
productivity based on inferred effects of soil properties on yield. Conversely, deductive approaches use yield information to estimate
productivity. Our objective was to compare the performance of both types of productivity indices for assessing regional soil
productivity for wheat (Triticum aestivum L.) yield in the Pampas. Soil data from soil surveys and interpolated climate information
were utilized. Wheat yield data from a 40-yr period and representing ~45 Mha were used. Inductive productivity indices showed a
low correlation with observed yield (R? < 0.45, P = 0.05). The best performance of deductive empirical methods was attained using a
blind guess option, but soils could only be rated when yield data were available. Yield models based on the neural network approach
had good performance (R?* = 0.614, root mean square error [RMSE] = 548 kg ha™!) and was used for regional productivity index
development. This index could be extrapolated to soils for which yield data are not available, and its validation with yield averages
was optimal (R? = 0.728, P = 0.05). Regional high productivity was achieved for combinations of medium to high levels of soil
organic C and soil available water storage capacity variables, which showed a positive interaction. This methodology for assessing
soil productivity based on an empirical yield-based model may be applied in other regions of the world and for different crops.

S OIL PRODUCTIVITY CAN be defined as the capacity of a
soil to produce plant biomass or crop seeds (Yang et al.,
2003). To understand causal relationships with crop yield, soil
types have been grouped and classified for comparison of their
productivity (Sarkar et al., 1966; Allgood and Gray, 1978).
The current reduction of soil productivity by human actions or
natural processes has increased the need to develop methods for
its quantification (Kim et al., 2000). A soil productivity index
represents the potential of a particular soil to generate harvest
products in relation to the optimal yield that an ideal soil would
have during its first year of cropping (Huddleston, 1984).

The inductive approach attempted to determine soil
productivity based solely on the inferred effects of various soil
properties on yield (Huddleston, 1984). Numerical ratings were
developed without the use of yield data, but they can afterward
be calibrated or evaluated with yield information for particular
regions and crops. A multiplicative model was developed by
the FAO (Riquier et al., 1970) that considered soil moisture,
drainage, rooting depth, texture, base saturation and salinity,
organic matter content, mineral exchange capacity, clay type, and
mineral reserves. Although the methodology was information
intensive, it was applied in some countries and for some crops,
and good performance was obtained. More recently, Kiniry

et al. (1983) and Pierce et al. (1983) independently developed
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a simpler quantitative assessment of soil productivity related

to soil suitability for crop root growth in the Corn Belt based

on the work of Neill (1979). The two indices can be combined
and called the Kiniry—Pierce soil productivity index. The soil
environment was described in terms of sufficiency for root
growth as influenced by five variables: soil available water storage
capacity (SAWSC), aeration, bulk density, pH, and electrical
conductivity. According to this multiplicative approach, any
variable could be limiting, and the method is flexible in allowing
modifications of the sufficiency factors. Several modified versions
exist in which model statements were altered or new ones
included to account for local soil characteristics (Rijsberman
and Wolman, 1985).

Deductive productivity indices are generated using
information from empirical models or process-based models to
estimate crop yield and are therefore directly validated against
yield data (Huddleston, 1984). Empirical models attempt
to determine functional relationships of soil, climate, and
management factors with yield using either existing or specially
designed agronomic experiments (Jame and Cutforth, 1996).
When the necessary data are available, these models offer a
reliable method for investigating crop response to environmental
conditions and are relatively simple to develop. Examples of
deductive soil productivity indices based on empirical approaches
could be found for corn (Zea mays L.) and soybean [Glycine max
(L.) Merr.] in Illinois (Garcia-Paredes et al., 2000), for soybean
in Mexico (Yang et al., 2003), and for sorghum [Sorghum bicolor
(L.) Moench] in Australia (Potgieter et al., 2005). Process-based
models are built using mathematical equations to quantitatively
model the interactions between environmental and crop factors
(Sinclair and Seligman, 1996). The main limiting factor for

Abbreviations: PET, potential evapotranspiration; RMSE, root mean square
error; SAWSC, soil available water storage capacity.
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their application is the high demand for information for the
parameterization-validation procedures that may not always be
available, especially in developing countries. Uncertainty can

be high because this information is often taken from previous
research conducted under inadequate environmental conditions
or from expert opinion.

The Argentine Pampas covers an area of approximately
60 Mha, and because of its extension and yield potential it
is considered one of the main cropping regions of the world
(Satorre and Slafer, 1999). Wheat production is widespread
across the region, under both humid and semiarid climates.
Local soil productivity estimations were not developed, and
the FAO methodology was used with soil survey information
for assessing productivity without validation with yield data
(Instituto Nacional de Tecnologfa Agropecuaria, 2013). In
the Pampas, artificial neural network (ANN) models had a
better performance for in-season prediction of wheat yield
than common regression models (Alvarez, 2009). Artificial
neural networks are empirical modeling techniques that are
much simpler than process-based models and that have a high
predictive quality (Ozesmi et al., 2006). This empirical method
is based on the neuronal structure and processing of the brain,
which is capable of learning relationships from information
(Jorgensen and Bendoricchio, 2001). The advantage over other
modeling methods is that this method does not assume a prior
structure of the data and is well suited for fitting nonlinear
relationships (Batchelor et al., 2002).

At the regional scale of the Pampas, few empirical models
have assessed the relation between soil properties and wheat
yield. Lower wheat yields were detected in areas with drainage
problems (Verén et al., 2004), and SAWSC in the upper 100
cm of the soil profile showed the strongest correlation with
yield (Alvarez, 2009). Soil organic C explained more yield
variability under semiarid conditions (Dfaz-Zorita et al.,
2002). Nevertheless, there are no studies that have analyzed the
interaction among soil variables and the interaction of these soil
properties with regional climate characteristics.

Our objective was to compare the performance of inductive
productivity indices, the FAO index and the Kiniry-Pierce
index, with the deductive approach for assessing regional soil
productivity for wheat in the Pampas. The hypothesis of this
study was that deductive productivity indices are more accurate
than inductive indices because they are directly validated
with yield data. Different empirical modeling techniques
were compared for yield estimation for the deductive index
development, ranging from simple blind guess methods to
ANN:E.

MATERIALS AND METHODS

Study Area

The Argentine Pampas (located between 28 and 40°S and
between 68 and 57°W) is a vast plain with relief that is flat or
slightly rolling. The natural vegetation consists of grasslands on
which graminaceous plant species dominate. The mean annual
temperature ranges from 14°C in the south to 23°C in the north,
and the mean annual rainfall varies from 200 to 1200 mm from
west to east. Rainfed crops are widespread in the humid and
semiarid portions of the region (with annual rainfall >500 mm),
on well-drained soils, mainly Mollisols, formed on loess-like

materials (Hall et al., 1992; Alvarez and Lavado, 1998). At
present, approximately 60% of the area is under agriculture, and
the main crops are soybean, wheat, and corn. Because Pampean
soils are very fertile and crops were commonly rotated with
livestock production on leguminous pastures, fertilization has
become a common practice only since approximately 1995
(Ministerio de Agricultura, Ganaderfa y Pesca, 2013) but at
low rates (FAO, 2004). Wheat has been the most common crop
during the last decades, but currently it is being replaced by
soybean in many areas. Its growing cycle starts in June or July,
depending on the sowing date, and it is harvested in December.
The fallow period usually runs from April to June.

For this study, we used information from more than 150
counties in five provinces (Buenos Aires, Cérdoba, Entre
Rios, La Pampa, and Santa Fe) in which wheat is an important
constituent of rotations. Forty of these counties were removed
from the analysis because hydromorphic soils predominated
and the cultivated area was <30% according to seeded area
information at the county level (Ministerio de Agricultura,
Ganaderfa y Pesca, 2013). To reduce statistical noise due to
large differences in county areas (of up to 30-fold), information
was aggregated into 41 geographic units with an average area of
1 £ 0.5 Mha each (Fig. 1). We used the isohyet of 800 mm that
divides the region to define the humid Pampas to the east and
the semiarid (subhumid) Pampas to the west. On average, these
geographic units aggregated information from three counties.
The spatial aggregation was performed taking into account
previously defined relief, type of landscape, and soil classes of
Pampean subregions (Alvarez and Lavado, 1998). County-level
information was aggregated up to the geographic unit level by
applying weighted averages for each county, corrected for their

corresponding areas.
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Fig. I. Map of the Pampean Region of Argentina and its 41
geographical units. Darker geographical units located in the
eastern portion correspond to the humid Pampas and lighter
geographical units correspond to the semiarid Pampas in the
western portion. The division is based on the annual rainfall
isohyet of 800 mm.
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Data Sources

Wheat yield data at the county scale were calculated from
available records of annually harvested area and grain production
from 1967 to 2006 (Ministerio de Agricultura, Ganaderfa y
Pesca, 2013).

Climate records for the same period were obtained from the
Servicio Meteoroldgico Nacional (www.smn.gov.ar) and the
Instituto Nacional de Tecnologia Agropecuaria (www.inta.
gob.ar). Monthly temperature and rainfall information from
approximately 80 meteorological stations, well distributed across
the study area and the surroundings, were used. The number
of meteorological stations varied from year to year. The average
number of stations was 80 for the 40 yr of analysis. The year
that had the lowest number of meteorological stations was 1967
with 74 stations, and in 2005 the number of stations was the
greatest, with 86 stations. Averages at the county scale were
interpolated using the inverse distance weighting method in the
Spatial Analyst extension of ArcGIS 9.1 (ESRI). This method
used information from meteorological stations in the county
or very close to it for estimating an areal average (Zimmerman
et al., 1999). We evaluated the method by performing point
estimations for 30 stations spread across the Pampas. The
software performed good estimations of temperature as
indicated by the comparison between modeled and observed
values (R? > 0.90, F test P = 0.01, ordinate and slope equal to
0and 1, respectively, as indicated by a #-test with P = 0.05).
Good estimations of monthly rainfall were achieved (R2 >0.7,
Ftest P = 0.01, but intercept and slope were not equal to 0 and
1, respectively). Because the difference between estimated and
observed values was small (5%), we still used the method for
interpolation. The wheat growing cycle was divided into three
periods for the analysis: fallow (April-June), vegetative growing
phase (July—September), and flowering to maturing phase
(October—November).

Potential evapotranspiration (PET) and 4_ (a crop coefficient
that accounts for differences in crop type, cultivar, and
development stage that should be considered when assessing
evapotranspiration) were calculated as previously described using
estimated temperature and rainfall at the county level (Allen et
al., 1998; Alvarez, 2009). Because no £_values were available
for the fallow period, we assumed the same value as for the
sowing period (i.c., 0.5). The ratios between rainfall (R) and PET
for the fallow and crop growing periods were calculated. The
photothermal quotient was estimated for the critical period of
1 mo before crop anthesis, with variations related to the latitude
of the geographic units. Incoming radiation was calculated
by applying a locally developed method for atmospheric
transmittance estimation at the county level (Alonso et al.,
2002), and a base temperature of 4.5°C was used (Magrin et al.,
1993).

Soil data from soil surveys of the provinces of Buenos Aires
(Instituto Nacional de Tecnologia Agropecuaria, 1989a), La
Pampa (Instituto Nacional de Tecnologia Agropecuaria, 1980),
Cérdoba (Instituto Nacional de Tecnologia Agropecuaria,
2003), Santa Fe (Instituto Nacional de Tecnologia
Agropecuaria, 1981, 1989b), and Entre Rios (Instituto Nacional
de Tecnologfa Agropecuaria, 1984) were used. These surveys
were performed, mainly, between 1960 and 1980. More than
1000 soil profile descriptions with their corresponding areas of

influence were available. Soil variables taken into account were
organic C (Nelson and Sommers, 1996), textural composition
(Gee and Bauder, 1986), and pH (Thomas, 1996) from the
soil surface to the 100-cm depth or the upper limit of the
petrocalcic horizon. Because these variables were described at
different depth intervals, depending on the genetic horizons, the
variation in depth was modeled fitting different functions using
Table Curve 2D (Systat Software) with good results (R > 0.90).
Using the fitted models for each soil variable and soil profile,
the estimated values were assessed in layers of 25 cm up to the
1-m depth or the upper limit of the petrocalcic horizon. Because
some surveys reported soil organic C and others reported organic
matter, a correction factor of 1.72 was applied for transforming
organic matter to organic C (Nelson and Sommers, 1996). Data
at the profile level were transformed to the cartographic scale and
afterward up to the county scale, taking into account the area
of influence of each profile and cartographic unit (Alvarez and
Lavado, 1998).

Soil organic C data published in these surveys were 40 yr
old on average. A recent study published information at the
county scale that resulted from a sampling performed during
2007 to 2008 (Berhongaray et al., 2013). We therefore used
the soil survey data for the first years of the study and the recent
data for the final years, linearly interpolating the C content for
intermediate years. The SAWSC for the upper 1 m of the profile
or the upper limit of the petrocalcic horizon was estimated
using textural information and organic C content (Rawls et al.,
1982). Bulk density was estimated by the Rawls (1983) method,
expressed on a per hectare basis and corrected by a factor of 4%
to adjust the demonstrated overestimation of this method for
Pampean soil density (Berhongaray et al., 2013).

Inductive Soil Productivity Indices

The FAO methodology (Riquier et al., 1970) was used in the
Pampas for rating soil productivity; this information is available
in published soil surveys (Instituto Nacional de Tecnologia
Agropecuaria, 1981, 1984, 1989a, 1989b, 2003, 2013). Soil
productivity was reported at the soil cartographic unit or county
scale. We aggregated published data to our geographic unit
scale taking into account the relative contribution of each value
related to its area of influence. The range of the FAO index was
from 0 to 100, but we adapted it to range from 0 to 1 to make
comparison with other tested productivity indices possible.

Both versions of the index developed by Neill (1979) were
combined into a single index, called the Kiniry—Pierce index,
to take advantage of available information. Each of the root
response functions described in this method represents the
fractional sufficiency (0.0-1.0) for values of each soil variable.
The product of all sufficiencies was considered as describing the
fractional sufficiency of any soil layer for root growth. Electrical
conductivity was not measured, and its sufficiency was assumed
to be 1.0 according to Kiniry et al. (1983). Aeration and the
sufficiency for aeration were also established at 1.0 because
flooding areas were discarded from this analysis. All the other
sufficiencies were calculated for layers of 25 cm and summed
to a depth of 1 m or the upper limit of the petrocalcic horizon.
Results at the county scale were aggregated up to the geographic
unit level.
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We estimated the profile root fractions that would exist under
ideal soil conditions with plant-determined rooting depths
using Horn’s equation (Horn, 1971). We considered 100 cm as
the optimal depth for wheat growth in the Pampas (Calvifio
and Sadras, 2002). The equation predicted profile fractional
depletion with depth restrictions.

The sufficiency for SAWSC was estimated assuming that a
value of 0.20 or larger indicated nonlimiting conditions (Kiniry
etal., 1983).

The bulk density sufficiency function was estimated according
to an adaptation proposed by Udawatta and Henderson
(2003). Clay, silt, and sand contents were regressed, using the
equations proposed in this work for estimations of growth-
limiting, critical, and nonlimiting bulk densities for each soil
layer. Values of 1 were assigned to bulk density values larger
than the nonlimiting density, with a critical sufficiency of 0.83.
A value of 0 was assigned to bulk densities greater than the
growth-limiting threshold. Linear interpolation was applied for
estimating intermediate values.

Sufficiency for pH per soil layer was calculated according to
the equations of Pierce et al. (1983).

Relative sufficiencies of weather were calculated by a response
surface model at the geographic unit scale using yearly climate
information, with detrended yield as the dependent variable,
according to Kiniry et al. (1983) (see below for a description
of yield detrending). Independent variables included in the
model were R/PET ratio for fallow, vegetative growth, and
flowering periods and the photothermal quotient. Training and
validation data sets (75 and 25%, respectively) were used for this
weather sufficiency. Models were fitted with the training set and
validated against the validation set. Values of all sufficiencies
were multiplied for each soil layer, and layer values were summed.
The highest index value estimated by these models received a
value of 1, and the results were normalized with respect to this
value.

A modification of this index was tested by adding a sufficiency
factor for organic matter. This sufficiency was included as an
additive factor to the estimated inductive productivity index
because its effect was not proportional to yield. Not every
increase in soil organic matter content results in increasing
yield (Pierce et al., 1983; Wilson et al., 1991). We followed
the method proposed by Wilson et al. (1991) for the inclusion
of an organic matter sufficiency factor. The slope between
average organic matter and yield was 0.23, indicating a23%
increase in yield for each 1% increase in organic matter; however,
Wilson et al. (1991) showed that using a value near 0.25 as an
additive factor to the Kiniry-Pierce index caused the level of
organic matter to be too influential in the model. Therefore, we
chose a slope of 0.15 as reasonable because other values for this
sufficiency were tested without affecting the final result.

Deductive Soil Productivity Indices

Four yield-modeling techniques were tested: blind guess,
polynomial regression, regression trees, and ANNS. The final
data st generated had 1640 data (2 = 41 geographic units x
40 yr). The blind guess method corresponds to yield estimations
for each geographic unit based on information on yield averages
(Alvarez, 2009). The estimated yield value does not account for
any climate or soil information. The average yield for the first

30 yr of this study and the average yield of 1, 2, 3, 5,7, or 10 yr
chosen at random were used to estimate the yield by this method.
The estimated yield resulting from these combinations of years
was validated against the yield average of the last decade of the
analyzed period for each geographic unit. The RZ of these linear
regressions was used as a statistical measure of the performance
of the tested blind guess method. The resulting crop yield

had a highly positive trend with time, largely resulting from
improvements in technology, mainly the adoption of modern
cultivars and the increased use of fertilizers; the yield increase
with time was detrended using the yield equivalent of the year
2006 (Lobell and Field, 2007).

Response surface models have been frequently used in the
evaluation of agronomic experiments, with expected positive
linear effects and negative quadratic effects (Colwell, 1994).
Before applying polynomial regression, the normality of the
variables was tested by the Shapiro-Wilk method. As evidence of
normality was not found, the data were transformed by applying
logarithms, exponentials, arcsines, powers, and finally the Box-
Cox method (Peltier et al., 1998). Because normality was not
attained but the variables were close to a normal distribution,
we were restrictive with the size of the hypothesis test (P = 0.01)
because of asymptotic arguments (Amemiya, 1985). Linear,
quadratic, and interaction terms were incorporated in the
models only if they were significant at P = 0.01 and the whole
model at P = 0.01 (F test). A forward stepwise method was used
for predictor selection until the maximum R? was attained.
Yield was modeled using as predictors time (year), rainfall,
temperature, potential crop evapotranspiration, the R/PET ratio,
photothermal quotient, soil depth, clay, sand, and silt contents,
soil organic C, and SAWSC. Climate variables were tested
separately for fallow, vegetative, and reproductive crop stages
and for combinations of periods. The variance inflation factor
was used to check the autocolinearity between independent
variables (Neter et al., 1990). To assess the generalization ability
of models, these were fitted using 75% of the data, randomly
selected (training set), and validated against the independent
remaining 25% (validation set). A hierarchical approach was also
used to combine independent variables for calculation of other
variables with the purpose of including the effects of the variables
in the first level and allowing the simplification of the selected
model (Schaap and Bouten, 1996). The regression of estimated
vs. observed yield, slopes, and intercepts were compared using the
t-test in the IRENE software (Fila et al., 2003).

The regression tree approach represents a nonparametric
statistical method used to explain the variation of a single
numerical response variable by one or more explanatory variables
(Digby and Kempton, 1994). Normality of variables was not a
requisite for this technique. A tree was constructed by repeatedly
splitting the data by a simple rule for every single explanatory
variable (Steinberg and Colla, 1995). At each split, the data
were partitioned into two mutually exclusive groups, each of
which was as homogeneous as possible and provided the best
explanation of the response variable (McKenzie and Ryan,
1999). The splitting procedure was then applied to cach new
group separately. Splits minimized the sums of squares within
groups. Complex structured trees, with too many ramifications,
were discarded in our study to avoid overlearning (De’Ath and
Frabricius, 2000), using the R2 as the decision criterion for

1806

Agronomy Journal ¢ Volume 105, Issue 6 <+ 2013



tree selection. The predictors tested to generate a regression
tree model were the same as those used for the response surface
regression fit. The whole data set was partitioned into 75 and
25% for training and validation, respectively, using the same sets
as in the regression fitting. Regression trees were fitted using the
Cubist 2.05 software (Rulequest).

Feed-forward ANNs were tested as modeling methods
for yield prediction, fitting weights by the back-propagation
algorithm (Kaul et al., 2005) The common network architecture
of three layers was used: input, hidden, and output layers. Linear
transfer functions were used from the input layer to the hidden
layer and from the output layer to the network output, while a
sigmoid function connected the hidden layer to the output layer
(Lee et al., 2003). Simplification of the network architecture,
scaling methods, learning rate, and epoch size were similar to
those described by Alvarez (2009). We aimed for the maximum
simplification of networks, reducing input variables and neurons
in the hidden layer as much as possible without affecting the
R2. Sensitivity analysis was performed to weight the effect of
different inputs on wheat yield (the output) by calculating a
sensitivity ratio (Miao et al., 2006). Only predictors with a
sensitivity ratio >1 were selected because lower values indicated
no impact of the input variable on the network output. The same
predictors used for the other modeling methods were tested as
network inputs. To avoid overlearning, the data were partitioned
into 50% for training, 25% for testing, and 25% for validation.
Models were adjusted with the training set, and early stopping
of weight fitting was achieved when the R? of the test set became
lower than the RZ of the training set (Kleinbaum and Kupper,
1979). The validation data set was the same as used for the
regressions and regression trees adjustment. Neural networks
were fitted using Statistica Neural Networks (version
2011, StatSoft).

Model performance was compared using the R?
and RMSE (Kobayashi and Salam, 2000). Possible

determined a photothermal quotient gradient from south to
north when related to incoming radiation. Soil properties also
showed a wide range of variation. The SAWSC contrasted deeply
between soils of the semiarid and humid Pampas, mainly because
of textural differences. Rich organic C soils from the eastern
geographic units had approximately threefold higher C levels
than poor organic C soils from the west. In 12 geographic units,
no petrocalcic layer was present within the upper 100 cm of the
soil profile, but in some units of the southern portion of the
Pampas, this was the main soil-related constraint for normal crop
root development.

Regarding the temporal variability of soil variables for the
40 yr of this study, we assumed no significant changes in soil
texture and soil depth between past and present. Accordingly,
we used constant SAWSC values for each geographic unit.
Conversely, soil organic C changes were observed when
comparing available information of the first vs. the last decade.
Some soils from the semiarid Pampas gained organic C,
while some soils located in the humid Pampas lost organic
C, according the a previous study by Berhongaray et al.

(2013). These changes were accounted for when using linear
interpolations for the intermediate decades.

Annual wheat yield varied considerably among geographic
units and across the 40 growing seasons. Yield increased with
time by 56% from the start of our time series to the final
analyzed years, with an average yield gain for the whole region
of 37kg ha™! yr_l. In the humid eastern geographic units, yields
were approximately 71% higher than in the semiarid western
geographic units of the study area. Because of climatic variability,
yield could vary up to sixfold in the same geographic unit.

Table I. Variability of climate, soil variables, and wheat yield throughout
the 41 geographical units in the Argentine Pampas from 1967 to 2006.
Minimum and maximum values were calculated from the total data set
for the 40 yr.

differences between R2 values were tested by a specific

test using Fisher s Z transformation (Kleinbaum and Variablet Min. Mean+SD Max.
Kupper, 1979). Yield-based productivity indices of the Rainfall during fallow period, mm 213 161 £778 353
irical model leul Lo Rainfall during vegetative growth period, mm 1.6 113 +57.0 379
empirical models were calculated, assigning a value of
. . - Rainfall during flowering period, mm 56.0 196 £71.2 486
1 to the maximum modeled yield and relating all other
. . .. Temperature during fallow period, °C 8.14 13.1 £ 1.55 17.3
values to this maximum. The selected empirical model i i o
.. . Temperature during vegetative growth period, °C 7.7 1.3 £1.54 16.0
for productivity index development was validated i . A
. h b dvield hi . Temperature during flowering period, °C 12.3 17.9 + 1.62 21.5
a%‘*ﬁ“,t t de a"e(riage Z serve IYIE per Seo?ap 1‘; lliimt PET during fallow period, mm 739 130%137 175
ofthe in eP<’-1n entd f‘tzset}-l f;} Oﬁma‘};’n ;"m < ” PET during vegetative growth period, mm 778 134t 144 191
experiments focated in both the humid and semiark PET during flowering period, mm 185  305+293  4I2
Pampas were used to validate the developed refélonal RIPET ratio during fallow period 0.150  126+0677 4340
productivity at the field scale (Alvarez and Grigera, RIPET ratio during vegetative growth period 0071  0.887 0554 3.680
2005; Bono et al., 2010). R/PET ratio during flowering period 0.136  0.653 £0.281  1.620
Photothermal quotient, M m™2d~! °C~'+ 0.93 1.37 £0.22 2.05
RESULTS Soil depth, cm§ 73 92.5+7.32 100
A high variability was observed in the climate and Clay, %§ 10.2 26.5 +9.93 49.0

soil variables and wheat yield (Table 1). Rainfall was Sand, %§ 626 4231243 88.7
the climate variable that showed the largest variability SAWSC, mm§ 91.3 138 +33.1 192
among geographic units. In the semiarid west, rainfall Soil organic C, Mg ha™'q 31.0 64.5+ 174 109
during the crop growing season averaged 264 mm, Wheat yield, kg ha™' 448 1886 + 695 4519

while in the eastern humid Pampas, it reached a mean
of 352 mm. As the temperature increased from south to
north, potential evapotranspiration increased as well,

T PET, potential crop evapotranspiration; R, rainfall; SAWSC, soil available water storage capac-
ity, 0—100-cm depth.

F During critical period of | mo before anthesis.

§ 0—100 cm or up to the upper layer of the petrocalcic horizon.

ranging from 230 to 345 mm. This temperature gradient  {/0-50-cm depth.
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Climate and soil properties were poorly correlated (R? < 0.15),
which discarded autocorrelation problems that could arise when
modeling. Yield was moderately correlated with time (R =
0.37), but poor relationships were also found with organic C,
SAWSC, and rainfall during the fallow and crop growing cycle
(R%<0.13).

The spatial distribution of the FAO productivity index
across the Pampas showed that values >0.7 were obtained in six
geographic units of the humid Pampas (Fig. 2A). This inductive
soil productivity approach estimated low rates for geographic
units located in both the humid and semiarid Pampas. The FAO
soil productivity index ranged from 0.33 up to 0.89 in Pampean
soils, with a relatively low correlation with average observed
yield data (Fig. 2B). Regarding the slope of this regression, an
increase of 0.5 up to 0.7 in this index resulted in an average
increase of 250 kg haL. Similar results were obtained with the
Kiniry-Pierce index, which ranged from 0.33 to 0.76, and its
modification, which obtained slightly higher values (ranging
0.40-0.89). Both the original Kiniry—Pierce inductive method
and its adaptation gave poor results when correlated with
observed yield averages for the 41 geographic units (Fig. 3A and
3B). The dispersion of the linear correlation of both the original
and the adapted Kiniry—Pierce indices with average yield was
greater than that for the FAO productivity index. Regarding the
slope of this index, an increase of 0.2 units (from 0.5 up t0 0.7,
for example) resulted in a yield increase of 200 kg ha™!.

The blind guess method allowed a very good estimation of
current wheat yield (average yield of the last decade) using past
yield data. For example, using the average yield of the first three
decades to estimate the yield of the last decade of our time series
resulted in optimal resules (R? = 0.987) (Fig. 4A). Also, when we
used random averages of past yield dataof 1,2, 3,5,7,and 10 yr
to estimate the average yield of the last 10 yr, at least 3 to 5 yr had
to be averaged to obtain an acceptable performance (Fig. 4B).

All three empirical modeling methods tested in this study
allowed fitting models with a good adjustment (R* > 0.528,
RMSE < 547 kgha™!) (Fig. 5). The generalization capacity
of these models was good, as no significant differences were
detected in R? between training and validation data sets. Slopes
of observed vs. estimated yields were not different from 1, and
ordinates were equal to 0 in all cases (P = 0.05). Regression trees
and ANNs were more successful in predicting wheat yields,

attaining higher RZ values than the polynomial regression
(P =0.05). The generalization capacity of both regression trees
and ANNs was not statistically different. The regression model
included as predictors time, R/PET ratio during fallow and
vegetative growth, the photothermal quotient, and SAWSC,
with an R? = 0.528 and RMSE = 549 kg ha™! (Fig. 5A). The
model predicted that yield increased with time and with
increasing R/PET ratio, SAWSC, and photothermal quotient.
Visual inspection of the residuals showed that the frequency
distribution was close to the normal distribution.

The regression tree model that best fitted yield data used
the same predictors as polynomial regression but detected an
additional effect of soil organic C (R? = 0.577, RMSE = 547
kgha™!) (Fig. 5B). The regression tree had seven rules, and the
variable SAWSC defined the first split with a value of 92 mm.
The model indicated that the highest yields were obtained
after 1994 in soils with a SAWSC >117 mm and soil organic C
contents >64 Mg ha™L. The lowest yields were attained in soils
with a SAWSC <92 mm. When each variable was analyzed for
its contribution to the yield tree construction (attribute usage for
splitting), we observed that time was used 100%, SAWSC 84%,
organic C 79%, R/PET ratio for the fallow period 74%, R/PET
ratio for the vegetative period 71%, and photothermal quotient
32% of the time.

The best ANN fitted had seven neurons in the hidden layer
and included as inputs the same predictors as the regression
tree but also R/PET ratio during the flowering to maturing
period (R? = 0.614, RMSE = 548 kg ha™!) (Fig. 5C). Time had
a positive linear relation with yield. The R/PET ratio during
the three periods, organic C, and SAWSC showed curvilinear
relationships with yield. Because this empirical model based on
an ANN approach achieved a slightly higher fit, although not
significantly, than the regression tree method, it was chosen for
the productivity index development. The maximum productivity
index was attained for combinations of medium-to-high levels of
both organic C and SAWSC.

Regarding the spatial distribution across the Pampas of this
deductive productivity index based on the ANN approach,
the highest productivities were observed in the humid eastern
counties and the lowest in the counties that correspond to the
western semiarid Pampas (Fig. 6A). Estimated productivity
was >0.9 in approximately 17% of Pampean geographic units,
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another 60% had productivity indices between 0.7 and 0.9,
and 23% of the Pampean region showed low productivity,
<0.7. Average productivity indices for the 40 yr of analysis were
calculated for each geographic unit and correlated with the
average observed yield data from the independent data set with
an adjustment of R = 0.728 (Fig. 6B).

The neural network model was used for exploring the
effects of environmental factors on wheat yield and predicting
productivity for combinations of inputs. The model showed
that SAWSC had a major impact on yield under low-rainfall
scenarios (low average R/PET ratio), but this effect disappeared
when rainfall was not limiting (Fig. 7A). It also showed
that soil productivity depends on the positive interaction
between SAWSC and soil organic C (Fig. 7B). The maximum
productivity index was achieved in soils with 70 Mg ha™! organic
C and SAWSC of 140 mm up to a depth of 1 m as described by
the model.
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Finally, we tested whether the developed ANN productivity
index based at the regional scale could be used with information
from field experiments (Fig. 8). We observed no significant
correlation between the estimated yield at the regional
scale and the observed yield of field trials. The average yield
achieved by the ANN model for these climate and soil inputs
was 2000 kg ha™!, with a minimum of 500 kg halanda
maximum of 2900 kg ha™1, while the average observed yield was
3400 kg hal, ranging from 600 to 6200 kg haL. The observed
yield of the field trials almost doubled the yield estimated by the
ANN model for those specific locations.

DISCUSSION

Our results showed that both inductive methods tested, the
FAO productivity index commonly applied to the Pampas for
soil evaluation and the Kiniry-Pierce index, were not suitable
tools for regional Pampean soil ratings for wheat. The inclusion
of a sufficiency factor for soil organic matter in the latter did not
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Fig. 7. (A) Productivity index based on the artificial neural network (ANN) approach for an average rainfall/potential
evapotranspiration (R/PET) ratio during fallow, vegetative crop growth, and flowering for two soil available water storage capacity
(SAWSC) scenarios: the soil scenario with 160-mm SAWSC up to |-m depth represents a typical soil of the humid Pampas, while
the soil scenario with 80-mm SAWSC represents a typical soil of the semiarid Pampas; and (B) interaction between soil organic C
and SAWSC selected by the ANN model as soil inputs and the resulting wheat yield productivity index.
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greatly improve the fit with yield values (Wilson et al., 1991).
When correlating small-grain yield in Montana with this index,
low relationships were also found (R* < 0.35) (Gerhart, 1989).

Yield data seem essential for adequate soil evaluation for wheat
production in the Pampas. The simplest blind guess method was
a good option when yield data were available for the soil to be
rated. Long yield records were not needed; stable results were
attained with averages of three to five growing seasons. In cases
in which detailed climate and soil information is not available,
this kind of yield-based model should be used.

Empirical modeling allowed good wheat yield prediction at
the regional scale using easily obtainable information under a
very large range of conditions. The fraction of yield variability
not explained by the methods tested in our study (roughly 40%)
may be accounted for by environmental factors not included
in the ANN model. Agriculture has been a common regional
practice for more than a century in the Pampas, but despite its
economic and ecological importance, official agencies generate
information with great uncertainties (Paruelo et al., 2004).
Crop yield information was available at the county scale, while
climate and soil data were available at smaller scales, which
makes aggregation for modeling purposes difficult because
information scales should be homogeneous.

In this study, we observed that when the modeling method
was more sophisticated, more environmental effects (predictors
in models) were detected and a higher proportion of yield
variability could be explained. The selected neural network
model allowed analysis of the interaction among predictors and
the development of a soil productivity index. This index can be
used for soil ratings for which wheat yield data are not available.
A previous neural network model was developed in the Pampas
for in-season wheat production forecasting that could not
perform this job because it was fitted to a small data set ( = 100)
that did not allow a deep analysis of interactions among soil and
climate variables (Alvarez, 2009).

The effect of time on yield can be attributed mainly to two
factors: wheat genetic improvement (Calderini and Slafer, 1998)
and the adoption of fertilization (Ministerio de Agricultura,
Ganaderfa y Pesca, 2013). In our data set, the fertilizer rate was
closely correlated with time (data not presented). Consequently,
we could not include this management variable as a predictor for
modeling and instead used the variable time as a partial surrogate
for this management improvement (Lobell et al., 2005).

Better fits were attained when the R/PET ratio was calculated
separately during the fallow, vegetative, and crop flowering to
maturity phases than if all three periods were combined into one
or two periods (data not presented). This result may be attributed
to the importance of soil water content at sowing on crop yield,
which has already been quantified in on-farm experiments
in the semiarid Pampas (Bono et al., 2010). The effect of soil
water content during fallow on yield was included in the R/
PET ratio for this period. The same occurred for the other crop
cycle periods because the impact of water availability on growth
depends on the crop growth stage (Brisson et al., 2001).

The SAWSC in Pampean soils depends mainly on soil texture
and depth and only to a minimum extent (2%) on soil organic
matter content (De Paepe and Alvarez, 2012). In the Pampas,
as in other cultivated areas, a strong influence of SAWSC on
crop yield has been observed. For example, in Australia, linear
relationships have been observed between SAWSC and wheat
yield up to a threshold of 65 mm (Lawes et al., 2009), yield
regulation by SAWSC was described in France (Wassenaar et
al., 1999), and the geographic patterns of SAWSC have been
determined in the United States because of their importance on
productivity (Kern, 1995). Determining SAWSC was necessary
for the development of models that help understand the soil
influence on yield under varying climate and soil conditions
throughout the Pampas.

Organic matter has a positive influence on wheat yield; this
might be a possible consequence of its function as a nutrient
source. In the Pampas, it was demonstrated that at the time of
wheat sowing, NO3 levels were higher in C-rich soils (Alvarez
et al., 2002) and as organic matter increased, the capacity of
the soils to mineralize N during wheat growing cycle increased
(Alvarez and Steinbach, 2011). As we observed at the regional
scale for the Pampas, significant relationships of soil organic C
and crop yield were established in other studies from other parts
of the world (Garcfa-Paredes et al., 2000); however, this relation
was not established in all regions (Jiang and Thelen, 2004), and
this could be associated with soil C gradients and management
conditions (low or high fertilizer consumption).

When analyzing the impact of different soil scenarios on
wheat yield, as predicted by the ANN model output, SAWSC
clearly determined higher productivity in areas with fine- to
medium-textured soils. With this empirical model, we were able
to analyze the interaction between soil variables for different
Pampean subregions. When the humid and semiarid Pampas
were analyzed separately (data not shown), the interaction
between soil organic C and SAWSC remained positive; however,
some differences were observed. In the semiarid area, both soil
variables had a greater effect on wheat yield than in the more
humid portion of the region. In the semiarid geographic units,
when soil organic C increased from 40 to 70 Mg ha™l, the
productivity index increased from 0.3 to 0.9, whereas in the
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humid part this resulted in a smaller increase from 0.7 t0 0.9
(data not shown). Similarly, when SAWSC increased from 100
to 140 mm in the semiarid Pampas, the index increased 0.5 units,
while in the humid area this increase was only 0.2 units. The
optimal SAWSC value in the semiarid portion appeared to be
170 mm up to 1-m depth, while in the humid portion this value
appeared to be 130 mm.

Some unexpected results were observed in fine-textured
soils, with some decreases in predicted productivity at high
average R/PET ratios. This may be attributed to a confounding
effect because in very humid areas (the eastern edge of the
Pampas), in which fine-textured soils predominate, high rainfall
scenarios determine disease problems in wheat (Annone, 2001)
and possible temporarily flooding conditions. Confounding
effects between environmental variables were one of the main
problems of yield modeling and special care must be taken when
interpreting model predictions (Bakker et al., 2005).

Upscaling the information on crop production at the site
scale across greater areas is necessary to obtain estimates of crop
production at aggregated regional levels (Olesen et al., 2000).
Modeling yield estimations at the regional scale results in
improved fits because outliers are averaged (Bakker et al., 2005).
We tested the generalization ability of our data aggregation
method by developingan ANN model for yield estimation using
county information instead of geographic unit data; we attained
similar results to those reported here (z = 4440, R?=0.608,
RMSE = 331 kg ha™1). The climate and soil variables included in
this county-scale model were the same as the model that upscaled
information to the geographic unit level, with a similar impact
on yield. Regarding regional aggregation, Easterling et al. (1998)
noted that there seems to be a trade-off between crop estimations
at the regional scale gained by aggregating environmental
variables vs. loss of statistical properties of these variables. For
our study, this implies that the regional aggregation of yield and
environmental variables to the geographic unit level or county
level preserved these variables sufficiently, leading to agreement
between the estimated and observed yields. Nevertheless, this
study showed that using data aggregated at the geographic unit
level with an ANN approach allowed working not only with
averages of soil information but also with soil information that
was related to similar landscape properties.

CONCLUSION

The ANN approach for the development of a regional deductive
productivity index allowed a better correlation with wheat
yield in the Pampas than the two tested inductive approaches.
These foreign inductive soil productivity indices should not be
extrapolated to other regions or crops from which they were
developed without yield validation. The ANN productivity index
showed that regional wheat production was determined by the
positive interaction of soil organic C and SAWSC. The regional
productivity index model developed could not be validated with
site-specific experiment information and was suited only to the
regional scale. When only yield data are available, averages from 3
to 5 yr are adequate for regional soil ratings of wheat productivity.
The principles of the ANN methodology used here as a tool for
regional productivity estimation can be applied in other regions of
the world and for different crops.
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