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a b s t r a c t
Phosphorus (P) management in agroecosystems is driven by opposing requirements in agronomy, ecology, and
environmental protection. The widely used maintenance P fertilization strategy relies on critical concentrations
of soil test P (STP), which should cause the lowest possible impact on the environment while still ensuring optimal yield. While both soil P availability and crop yields are fundamentally related to pedoclimatic conditions, little is known about the extent to which soil and climate variables control critical STP. The ofﬁcial P fertilization
guidelines for arable crops in Switzerland are based on empirically derived critical concentrations for two soil
test methods (H2O-CO2 and AAE10). To validate those values and evaluate their relation to pedoclimatic conditions, we established nonlinear multivariate multilevel yield response models ﬁtted to long-term data from six
sites. The Mitscherlich function proved most suitable out of three functions and model ﬁt was signiﬁcantly enhanced by taking the multilevel data structure into account. Yield response to STP was strongest for potato, intermediate for barley, and lowest for wheat and maize. Mean critical STP at 95% maximum yield ranged among
crops from 0.15–0.58 mg kg−1 (H2O-CO2) and 0–36 mg kg−1 (AAE10). However, pedoclimatic conditions such
as annual temperature or soil clay content had a large impact on critical STP, entailing changes of up to
0.9 mg kg−1 (H2O-CO2) and 80 mg kg−1 (AAE10). Critical STP for the AAE10 method was also affected by soil
pH. Our ﬁndings suggest that the current Swiss fertilization guidelines overestimate actual crop P demand on average and that site conditions account for large parts of the variation in critical STP. We propose that site-speciﬁc
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fertilization recommendations could be improved on the basis of agro-climate classes in addition to soil information, which can help to counteract the accumulation of unutilized soil P by long-term P application.
© 2020 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).

(1992) deﬁned three scenarios with agronomic meaning, represented
by 90, 95, and 98.5% of maximum yield: A yield reduction of 10% is
highly signiﬁcant, while that of 5% is at the margin of statistical signiﬁcance, justifying surplus and replacement P fertilization to increase or
maintain crop yields, respectively. Yields ranging within the biological
variation of 1.5% equal maximum yield, at which any fertilization cannot
be justiﬁed.
While additional explanatory variables describing management
practices, soil properties, or climate conditions have been used early to
reﬁne simulated relations between STP and yield (Colwell et al., 1988;
Mallarino and Blackmer, 1992), the complexity of long-term multiexperiment data remained difﬁcult to model appropriately (e.g.
Buczko et al., 2018). Nonlinear mixed models provide powerful means
to account for (nested) group-level effects, distinguish between mean
effects of predictors and induced random variances, and handle unbalanced data (Yang, 2010; Schielzeth and Nakagawa, 2013). Hence, they
are the foremost method to comprehensively analyse multilevel experiments (Loughin, 2006; Moore and Dixon, 2015) and have become increasingly popular for agronomic questions (Gonçalves et al., 2016;
Parent et al., 2017; Sari et al., 2018).
The Principles of Agricultural Crop Fertilisation in Switzerland (PRIF)
outline, among other agronomic subjects, the ofﬁcial P fertilization
guidelines. Those are based on soil extraction by water, carbon
dioxide-saturated water (Dirks and Scheffer, 1930), or ammoniumacetate-EDTA (Lakanen and Erviö, 1971). The latter two are routinely
applied in crop production (Flisch et al., 2017) and will be abbreviated
as H2O-CO2 and AAE10, respectively, from here on. The H2O-CO2
method has a long tradition as ofﬁcial soil testing method in
Switzerland (Hasler, 1957; Peyer and Frei, 1971) and the AAE10 method
is or has been also used for soil P testing in Belgium (Houben et al., 2011;
Renneson et al., 2016) and Texas, US (Hons et al., 1990; Woodard et al.,
1994). The two methods target different P fractions and thus differ in
STP by up to two orders of magnitude (Demaria et al., 2005): While
H2O-CO2 releases immediately plant-available P (STPH2O-CO2) similar
to water, AAE10 also breaks stable P bonds with calcium, iron, and aluminium similar to ammonium or calcium lactate and releases P
(STPAAE10) that may become plant-available in the medium to long
term (Neyroud and Lischer, 2003; Stuenzi, 2006b, 2006a). In calcareous
samples, however, rapid exhaustion of EDTA by calcium reduces the extraction strength of AAE10 signiﬁcantly (Stuenzi, 2006b), which is why
the AAE10 method is not recommended for soils with pH > 6.8 (Flisch
et al., 2017).
The PRIF comprise ﬁve soil P fertility classes that depend on STP
and soil clay content and indicate deﬁcient (A), moderate (B), sufﬁcient (C), reserve (D), or accumulated (E) soil P levels (Flisch
et al., 2017). While class-deﬁning critical concentrations for
STP H2O-CO2 were derived from empirical long-term observations,
those for STPAAE10 were recalculated from STPH2O-CO2 , postulating
linearity between STP H2O-CO2 and STPAAE10. To validate the critical
concentrations and the corresponding fertility classes, Agroscope
started long-term ﬁeld experiments between 1989 and 1992 on
six sites, which now provide the data basis for comprehensive multivariate multilevel analyses. Our objectives were to (i) establish
yield response models to STPH2O-CO2 and STPAAE10 and derive critical STPH2O-CO2 and STPAAE10 concentrations for optimal yield of different crops, (ii) evaluate pedoclimatic effects on critical STP H2OCO2 and STP AAE10 , and (iii) assess the validity of the soil P fertility
classes currently adopted in Switzerland.

1. Introduction
Phosphorus (P) dynamics in agroecosystems are highly complex and
P management is still controversially discussed, driven by partially opposing requirements in agronomy, ecology, and environmental protection.
Due to its outstanding role as carrier of genetic information and energy
in plants, P strongly governs crop development during early vegetative
growth (White and Hammond, 2008). Yet, once entering the soil, it becomes rapidly immobilized by adsorption, precipitation, or complexation
and may therefore be the most limited nutrient element in its immediate
bioavailability (Vance et al., 2003; Menezes-Blackburn et al., 2018). In the
medium and long term, however, a signiﬁcant proportion of this ﬁxed P
can be mobilized under favourable biophysical conditions and can add
to the pool of plant available soil P (Rowe et al., 2016). Rate and timing
of P release from soil are largely unpredictable though, which still hampers integrated P management (Menezes-Blackburn et al., 2018;
Schneider et al., 2019).
As a consequence of excessive P fertilization in Europe since the mid20th century, agricultural topsoils have accumulated vast amounts of P
(Tunney et al., 2003), while surface water quality has deteriorated tremendously (Némery et al., 2005; Kleinman et al., 2011). Eutrophicationcontrol policies have led to a strong decline in P fertilization rates in recent years but the legacy effect of soil P accounts for continuing P ﬂows
from agricultural areas to surface waters (Jarvie et al., 2013). In
Switzerland, those inputs still average more than 1 Gg P year−1 or 25%
of total annual diffuse P inputs (Mehr et al., 2018). Consequently, surface
waters in P accumulation hotspots often do not fulﬁl water quality requirements, putting agricultural P recurrently into focus of eutrophication
management in Switzerland (FOAG, 2018).
The maintenance P fertilization strategy pursued in most European
countries including Switzerland aims at achieving and sustaining soil P
levels at which P inputs replace crop P off-takes (Flisch et al., 2017;
Leinweber et al., 2018). This requires a three-step routine: testing the
soil for available P by extraction of a certain P fraction, classifying soil
test P (STP) according to soil P fertility classes, and calculating fertilization
rates depending on fertility class and additional information on soil properties and management (Jordan-Meille et al., 2012; Flisch et al., 2017).
The second step essentially relies on class-deﬁning critical STP concentrations to increase the agronomic efﬁciency and decrease the environmental strain by fertilization (Kirkby and Johnston, 2008; Rowe
et al., 2016). Critical concentrations are usually established by modelling
yield response to STP, i.e. ﬁtting an appropriate response function to
long-term multi-experiment data (Jordan-Meille et al., 2012). As crop
yields have repeatedly been maintained at STP below the critical concentration (Schneider et al., 2019), further information on site conditions
may aid to reduce established critical concentrations (Rowe et al., 2016).
Numerous response functions have traditionally been applied in
agricultural research (Colwell et al., 1988; Archontoulis and
Miguez, 2015), of which some are well-established to describe
yield response to STP and derive critical concentrations: the CateNelson split/linear-plateau function (Colomb et al., 2007; Tang
et al., 2009; Recena et al., 2016; Wu et al., 2018), the Mitscherlich
function (Colomb et al., 2007; Tang et al., 2009; Valkama et al.,
2011; Watmuff et al., 2013; Sucunza et al., 2018; Wu et al., 2018),
and quadratic, square-root quadratic, or hyperbolic functions
(Valkama et al., 2011; Watmuff et al., 2013; Cadot et al., 2018).
Critical STP concentrations are usually derived at a speciﬁed percentage of maximum predicted yield (Jordan-Meille et al., 2012). Morel et al.
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Edelman auger (20 mm diameter; Eijkelkamp, Netherlands) and combining those to one composite sample per plot.
After oven-drying at 40 °C and sieving through a 2-mm mesh, all
samples were analysed for pH (H2O) and H2O-CO2- and AAE10extractable soil P according to the Swiss Reference Methods of the Federal Agricultural Research Stations for Analysis of Soils (Agroscope,
1996). In brief, 30 g of dry soil was agitated for 1 h in demineralized
water containing 0.08 M CO2 at a ratio of 1:2.5. Similarly, 10 g of dry
soil was agitated for 1 h in 0.5 M ammonium-acetate + 0.5 M acetic
acid + 0.025 M EDTA at a ratio of 1:10. Dissolved P was measured
using colorimetry, by which inorganic and hydrolysable organic P
forms are detected (Stuenzi, 2006a). The analytical uncertainty was
0.05 and 2.5 mg kg−1 STPH2O-CO2 and STPAAE10, respectively.

2. Material and methods
2.1. Sites, crop rotations, and management practices
The study comprises data of six long-term ﬁeld trials that were
established between 1989 and 1992 and have been running for 20 to
30 years (Table 1). While Rümlang-Altwi (ALT), Ellighausen (ELL),
Grabs (GRA), Oensingen (OEN), and Zurich-Reckenholz (REC) are situated in the Swiss Plateau north of the Alps, Cadenazzo (CAD) is located
in the Magadino plain in the southern outskirts of the Alps (Supplementary Fig. 1). The sites are representative of the main crop growing regions of the eastern part of Switzerland and range in mean annual
temperature from 9.0 to 11.4 °C and in mean cumulated annual precipitation from 920 to 1830 mm (Table 1). Prior to trial establishment, all
sites had been used as cropland under conventional management and
had undergone a transition period without fertilization of one year.
Soil depth ranged from 60 cm at ALT to 80 cm at GRA and 120 cm at
CAD, ELL, OEN, and REC, and calcium carbonate content (measured in
2009) from 0% at CAD, ELL, and REC to 1% at OEN, 5% at ALT, and 17%
at GRA. Soil types and physico-chemical characteristics are given in
Table 2.
The crop rotations at each site reﬂected prevailing agricultural practices in the respective sub-regions. On average, the crop rotations comprised 20% winter wheat, 20% grass-clover ley, 19% maize, 14% potato,
11% winter barley, and less than 5% soybean, rapeseed, fodder beet,
sugar beet, summer wheat, spinach, and chicory each (Supplementary
Table 1). Cover crops were grown in 22% of the growing seasons. All
sites have been managed according to best agricultural practice until
1993, the Swiss guidelines for “Integrated Production” from 1993 to
1998, and the Swiss direct payment system “Proof of Ecological Performance” from 1998 on (Swiss Federal Council, 2013). Pests and diseases
were chemically controlled and the soil on all sites was regularly
ploughed before sowing to a depth of 0.18–0.25 m, with the exception
of GRA, where maize was generally sown without tillage. Aboveground
biomass was completely removed from the ﬁelds except for potato
haulm and stubbles of main and cover crops.
On each site, the long-term treatments on ﬁxed plots comprised
zero, deﬁcit, reduced, norm, elevated, and surplus P fertilization
(Table 3), which reﬂected rates of recommended P inputs of 0, 33, 67,
100, 133, and 167%, respectively, according to the PRIF (Flisch et al.,
2009, and preceding versions). Phosphorus was applied as superphosphate in one dose usually before tillage and sowing. The trials were arranged in completely randomized block designs with four ﬁeld
replications, resulting in 24 experimental plots per site. The dimensions
of the plots were 4.5 by 9.25 m2 in CAD and 4.0 by 8.25 m2 on all other
sites. Nitrogen (N), potassium, and magnesium were adequately applied in equal amounts on all plots after annual soil testing according
to the PRIF (Flisch et al., 2009, and preceding versions).

2.3. Data preparation and treatment effects
Crop yields are reported in Mg dry matter ha−1 and STPH2O-CO2 and
STPAAE10 in mg P kg−1 dry soil. In this study, yield refers to the main
product only, e.g. cereal and maize grain or potato tuber. The dataset
was limited to crops with multiple spatial and temporal replications,
i.e. winter wheat (n = 696; from here on: wheat), maize (n = 648), potato (n = 480), and winter barley (n = 360; from here on: barley). Although frequently grown, grass-clover ley (n = 672) was excluded
from analysis due to its biennial cultivation that entails differences in
yield formation compared to arable crops. This resulted in a total of
2184 data points from 91 site-by-year combinations (Supplementary
Table 1). Outliers in the data were tested using Dixon's Q test, Hubertype skipped mean (Hampel, 1985), and skewness-adjusted boxplots
for multivariate skewed data (Hubert and Van der Veeken, 2008). The
identiﬁed values were removed from the data set and replaced with
newly measured values of the respective retained samples.
To reduce the impact of seasonal variability and historical breeding
success on yield and to compare different crops in the same y-axis
range, we converted absolute to relative yields [%] based on mean annual crop yields in Swiss conventional farming practice (recalculated
to dry matter; Agristat, 1990-2017; Erdin, 2018). In multi-experiment
studies, relative yields have traditionally been calculated based on
year- and site-speciﬁc yield maxima to reduce the impact of soil and climate conditions on yield response to STP. This approach is however
prone to statistical bias as error deviations are weighted differently for
each site. In addition, yield maxima are often poorly deﬁned by experimental data and their deviation is highly subjective (Colwell et al.,
1988). Therefore, we deliberately allow for pedoclimatic effects on the
relation of yield to STP by including a selection of variables as covariates
in our models.
We retrieved the following climate variables from the Federal Ofﬁce
of Meteorology and Climatology MeteoSwiss: mean annual temperature [°C], sum of annual precipitation [mm], sum of annual sunshine duration [h], and deviation of temperature [°C], precipitation [%], and
sunshine duration [%] from the respective 30-year climate norm
(World Meteorological Organization, 2017) during the months of vegetative crop growth (wheat, barley: March/April; maize: June/July; potato: May–July; Supplementary Table 2).

2.2. Plant and soil analyses
At harvest, crop yields were determined on 2 × 7 m2 subplots in the
centre of the experimental plots. Shortly after harvest, the topsoil
(0–0.2 m) was sampled by randomly taking 10–12 cores with an

Table 1
Location, climate, and management period of the long-term ﬁeld trials.
Site

Location

N–E coordinates

Altitude [m]

MATa [°C]

MAPa [mm]

Start [years]

End [years]

ALT
CAD
ELL
GRA
OEN
REC

Altwi
Cadenazzo
Ellighausen
Grabs
Oensingen
Reckenholz

47°26′19.01″–8°31′31.82″
46°9′37.66″–8°56′2.18″
47°36′35.06″–9°8′33.07″
47°11′39.76″–9°28′11.43″
47°17′2.95″–7°43′50.77″
47°25′50.5″–8°31′19.3″

493
203
507
442
454
440

9.4
11.4
9.3
10.1
9.0
9.4

1054
1832
947
923
1129
1054

1989
1990
1989
1992
1989
1989

Ongoing
2009
Ongoing
2012
Ongoing
Ongoing

a

Mean annual temperature and mean cumulated annual precipitation for the climate norm 1981–2010.
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Table 2
Soil type of the long-term ﬁeld trials and soil bulk density, texture, organic C (Corg), and pH at the start of the experiments and in 2014 (averaged over fertilization treatments) in the
topsoil (0–0.2 m).
Site

Soil type (WRB)

Bulk density [g cm−3]

Clay [%]

Sand [%]

Corg [g kg−1]

pH (H2O) at start

pH (H2O) in 2014a

ALT
CAD
ELL
GRA
OEN
REC

Calcaric Cambisol
Eutric Fluvisol
Eutric Cambisol
Calcaric Fluvisol
Gleyic-calc. Cambisol
Eutric Gleysol

1.37
1.22
1.22
1.25
1.30
1.14

22
8
33
17
37
39

48
40
31
34
32
25

21
14
23
16
24
27

7.9
6.3
6.6
8.3
7.1
7.4

7.9
5.8
6.6
8.1
7.6
6.7

a

in last year of management period in CAD (2009) and GRA (2012).

Treatment effects on relative yield, STPH2O-CO2, and STPAAE10 were
determined separately for each crop for the entire time series. The respective data subsets were ﬁtted to linear mixed models with treatment
as ﬁxed effect and year, site, and block as nested random effects. Differences were determined by ANOVA with Kenward-Roger approximation
of degrees of freedom at a signiﬁcance level of p < 0.05 and subsequent
simultaneous multiple comparison of estimated marginal means of
treatment pairs with Tukey-adjustment of p-values.

resulted in six models covering three functions and two soil extraction
methods, each ﬁtted to 2184 data points and including the same set of
covariates.

2.4. Multivariate multilevel yield response models

Y rel ¼ intercept þ slope∗STP ! maximum

(1)



Y rel ¼ asymptote∗ 1−e−rate∗ðSTPþenvironmentÞ

(2)

Y rel ¼ a∗ðSTP Þ2 þ b∗STP þ c

(3)

2.4.2. Response functions
We used three nonlinear three-parameter functions to relate
STPH2O-CO2 and STPAAE10 to relative yield, a (1) linear-plateau, (2) monomolecular (Mitscherlich), and (3) quadratic function (Dahnke and
Olson, 1990; Archontoulis and Miguez, 2015; Parent et al., 2017):

2.4.1. Selection of covariates
We evaluated the following pedoclimatic variables for their suitability as covariates in the yield response models: soil pH, clay content, silt
content, annual temperature, precipitation, and sunshine hours, and deviation of temperature, precipitation, and sunshine hours from the 30year norm. We tested whether they (i) were meaningful for yield response (Colwell et al., 1988), (ii) explained parts of the yield variation
induced by the spatial and temporal grouping of the data (Loughin,
2006), and (iii) were minimally collinear (Bonate, 2017) using
(i) linear regression and ANOVA (details: Supplementary Table 3), (ii)
principal component analysis, and (iii) Pearson correlation analysis.
We thus selected soil pH, clay content, annual temperature, annual precipitation, and deviation of precipitation from the norm as numerical
covariates in addition to P fertilization. Although soil organic matter
can affect yield response to soil P for different reasons (Johnston et al.,
2014; Schneider et al., 2019), this variable could not be included as a covariate due to lack of data.
We initially applied these covariates in models ﬁtted to data subsets
of wheat, barley, maize, and potato separately to test if they were adversely related to the model parameters for different crops. As this
was not the case with few exceptions, we used models ﬁtted to the entire dataset with ‘crop’ as additional factorial covariate. By switching the
reference level of ‘crop’, we extracted crop-speciﬁc intercepts for parameter means and differences in parameter intercepts between crops
(based on contrasting parameter and coefﬁcient estimates). This

where Yrel is relative yield; STP is either STPH2O-CO2 or STPAAE10; intercept
and c denote the intercept with the y axis and environment the intercept
with the x axis; slope, rate, and a describe the steepness of the curve; and
maximum, asymptote, and the vertex point of the quadratic function
((4ac − b2) ∗ (4a)−1) represent the maximum attainable yield.
2.4.3. Multilevel models
Linear combinations of crop and scaled (standardized for zero-mean
and unit-variance) numerical covariates were applied as ﬁxed effects to
all model parameters. Year (as factor), site within years, and block
within sites were handled as nested random effects and, thus,
accounted for the temporal and spatial grouping of the data. To avoid
overﬁtting of the models, random effects were applied to the intercepts
of maximum, asymptote, and b only because we expected the largest impact of seasonal variability and site conditions on maximum attainable
yield.
The linear-plateau and Mitscherlich models are sensitive to starting
values. For each model, we searched a grid with multiple triplets of
plausible parameters (Ritz and Streibig, 2008) and chose those triplets
that led to model convergence with a positive-deﬁnite correlation matrix and returned the lowest Akaike information criterion (AIC) and
upper 95% conﬁdence limits of the standard deviations of the random
effects. We evaluated the models based on residual pattern analysis, information criterion statistics, and likelihood ratio tests using maximum
likelihood estimation (Pinheiro and Bates, 2006). The random effects
level of block did not add to better model ﬁts and was discarded in favour of computational time.
We eventually chose the Mitscherlich function for all further analyses (see Section 3.3 Model ﬁt). An important asset of the Mitscherlich
function is the easy interpretability of its parameters (Holford, 2015).
Asymptote deﬁnes maximum attainable yield and rate is an inverse measure of the amount of STP required to increase yield (Holford et al.,
1985). In a study of yield response to N fertilization, environment has
been described as “the fertilizer-equivalent dose provided by environmental conditions”, e.g. by mineralization of organic matter (Parent
et al., 2017). In this study, environment represents the STP-equivalent
additionally utilized by plants but not measured via extraction, e.g.

Table 3
Fertilization treatments, mean fertilizer P inputs for wheat, barley, maize, and potato averaged over the entire time series, and cumulated P balances averaged over sites.
Applied fertilizer P [kg ha−1 year−1] P balanceb [kg ha−1]

Fertilization treatment
a

Description P input [%]

Wheat

Barley

Maize

Potato

Zero
Deﬁcit
Reduced
Norm
Elevated
Surplus

0
10
20
31
41
51

0
10
20
30
40
50

0
14
28
42
56
70

0
14
28
41
55
69

0
33
67
100
133
167

−113 (−245–113)
−12 (−110–226)
117 (9–352)
148 (52–295)
415 (216–667)
408 (326–479)

a

Relative to recommended amounts according to Swiss fertilization guidelines (PRIF).
Start of the trials until 2014 or last year of management period (CAD: 2009; GRA:
2012); numbers in brackets: minimum - maximum of sites.
b
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recently applied fertilizer P, mineralized organic P, or mobilized P
through root-induced changes in the rhizosphere. Rate and environment
in conjunction give information about the required amount of STP to
reconcile the yield difference between zero STP and STP at maximum
yield, i.e. the crop responsiveness to changes in STP (Holford et al.,
1985).
The ﬁnal multivariate multilevel model was composed as follows:


Y rel ¼ ðβX þ uZ þ eA Þ∗ 1−e−ðγXþeR Þ∗ðSTPþðδXþeE ÞÞ

Table 4
Wheat, barley, maize, and potato yields in Swiss agricultural practice during 1990–2015
(averaged over years) and absolute and relative yields under norm fertilization (100%)
in this study (averaged over years, sites, and ﬁeld replications). Mean ± standard deviation (at year level).

Wheat
Barley
Maize
Potato

(4)

where Yrel is relative yield; STP is either STPH2O-CO2 or STPAAE10; β, γ, and
δ are vectors of ﬁxed effects coefﬁcients; X is the ﬁxed effects model matrix (same for all model parameters), u is a vector of random effects coefﬁcients; Z is the random effects model matrix; and eA, eR, and eE are the
residual errors associated with asymptote, rate, and environment,
respectively.
Parameter means and regression coefﬁcients were estimated via restricted maximum likelihood and considered as signiﬁcantly different
from zero at p < 0.05. As correlation between covariates might have
entailed false signiﬁcances of the coefﬁcients, we additionally calculated
correlation-adjusted t-scores (CAT-scores) from the square root of the
inverse correlation matrix and the vector of t-scores (Zuber and
Strimmer, 2009).

CH yield [Mg ha−1]

Absolute yield [Mg ha−1]

Relative yield [%]

5.1±0.4
5.4±0.5
8.2±0.9
8.1±1.1

5.3±0.5
5.6±1.0
9.2±1.8
8.1±2.7

107±11
105±24
112±20
91±26

respectively, of Swiss mean yields in agricultural practice over the entire
time series (Table 4). Relative yields of all crops were lowest under zero
P fertilization and increased signiﬁcantly with rising P inputs to norm
fertilization, although by different increments among crops (Fig. 1).
For wheat, barley, maize, and potato, respectively, relative yields were
6, 11, 6, and 11% larger in the highest-yielding treatment than under
zero fertilization. Relative yields were statistically similar under norm,
elevated, and surplus P fertilization, except for maize yields, which increased further towards surplus P fertilization (Fig. 1; Supplementary
Fig. 3). Mean STPH2O-CO2 and STPAAE10, respectively, increased signiﬁcantly with increasing P inputs from 0.44 and 25 mg kg−1 under zero
fertilization to 1.23 and 50 mg kg−1 under surplus fertilization (Fig. 2).
Relative yield and STP were prominently clustered within the yearby-site combinations and varied strongly among them (Supplementary
Fig. 2). Mean relative yield ranged from 72 to 141% for years and from 91
to 111% for sites. Similarly, mean STPH2O-CO2 and STPAAE10, respectively,
ranged from 0.35 to 1.55 mg kg−1 and 16 to 56 mg kg−1 for years and
from 0.38 to 1.05 mg kg−1 and 20 to 50 mg kg−1 for sites. The larger variation in relative yield and STP among years than sites determined the
data structure for further analyses.

2.5. Critical soil test phosphorus and sensitivity analyses
Critical STP was determined at 90, 95, and 98.5% of maximum predicted relative yield (Morel et al., 1992). The covariate for P fertilization
was set to its minimum (i.e. 0% P fertilization) while the remaining covariates were set to their means. Hence, critical STP was calculated for
the 0% P fertilization treatment only. All calculated critical concentrations < 0 mg kg−1 STP, e.g. when yield was already close to its predicted
maximum at zero STP, are presented as 0 mg kg−1 STP.
We evaluated the sensitivity of critical STP to changes in the model
(i) parameters for different crops and (ii) coefﬁcients (excluding crop)
at 95% of maximum predicted yield: (i) While two parameters were
kept at their median, the third one was varied along its 10 to 90%
quantile range among all groups of sites within years. (ii) Similarly, all
coefﬁcients but one were kept at their median (except P fertilization:
minimum = 0% P) and low, intermediate, and high scenarios, corresponding to the 10, 50, and 90% quantiles, respectively, were calculated
for the remaining coefﬁcient.

3.2. Pedoclimatic variables

All analyses were performed in the R environment, version 3.5.3 (R
Core Team, 2019), with the R packages doBy, dplyr, plyr, reshape2,
and stringr for data management (Wickham, 2007, 2011; Højsgaard
and Halekoh, 2018; Wickham et al., 2018; Wickham, 2019), lme4 and
nlme for ﬁtting linear and nonlinear models (Bates et al., 2015;
Pinheiro et al., 2018), emmeans, lmerTest, multcomp, multcompView,
pbkrtest, and psych for statistical analyses (Hothorn et al., 2008;
Halekoh and Højsgaard, 2014; Graves et al., 2015; Kuznetsova et al.,
2017; Lenth, 2018; Revelle, 2018) and ggplot2, GGally, ggbiplot, ggrepel,
gridExtra, and gtable for data visualization (Vu, 2011; Wickham, 2016;
Auguie, 2017; Schloerke et al., 2018; Slowikowski, 2018; Wickham
and Pedersen, 2019).

Among the tested pedoclimatic variables only annual temperature
and soil pH were signiﬁcantly inversely related to relative yield independent of the crop (Supplementary Table 3). Clay content affected relative yield of maize negatively and sunshine hour deviation affected the
relative yield of potato positively. Silt content, annual precipitation, and
precipitation deviation were each related to relative yield of two crops
but in opposite directions (Supplementary Table 3). As annual sunshine
hours and temperature deviation were not meaningful for yield response, they were excluded from further analyses.
The remaining pedoclimatic variables had similar weights on two
principal components and explained roughly 65% of the variation (Supplementary Fig. 3). The clustering of the principal component scores revealed strong similarities in pedoclimatic conditions among the sites
ALT, ELL, OEN, and REC, while GRA differed slightly and CAD strongest
from the other sites. Diverging loading vectors for several variables suggested strong negative correlations between those (Supplementary
Fig. 3), which was conﬁrmed by the Pearson correlation analysis (Supplementary Fig. 4). We considered the high correlations between clay
and silt content as well as precipitation deviation and sunshine hour deviation as causal, whereas the correlation between e.g. clay content and
annual temperature as coincidental. Therefore, we limited the choice of
pedoclimatic variables to soil pH, clay content, annual temperature, annual precipitation, and precipitation deviation to reduce the number of
highly correlated covariates in the yield response models (Fig. 2).

3. Results

3.3. Model ﬁt

3.1. Crop yields and soil test phosphorus

Convergence was obtained for all models; however, parameter estimation was not equally straightforward. Depending on the starting
values, the intercept and slope parameters of the linear-plateau model
varied strongly but the AICs were largely similar (data not shown). In
contrast, the parameters of the Mitscherlich model were largely

2.6. Computation and data visualization

Under norm P fertilization, dry matter yields of wheat, barley, maize,
and potato averaged 5.3, 5.6, 9.2, and 8.1 Mg ha−1, respectively
(Table 4). Those yields corresponded to 107, 105, 112, and 91%,
5
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Fig. 1. Mean relative yields (proportion of mean yields in Swiss agricultural practice) of wheat, barley, maize, and potato in six P fertilization treatments during 26 years at six sites.
Estimated marginal mean ± standard error (black) and 95% conﬁdence intervals (grey) of relative yield retrieved from linear mixed models with year, site, and block as nested
random effects. Different letters denote signiﬁcant differences at p < 0.05 between treatments per crop (for linear contrasts of treatment pairs see Supplementary Fig. 3).

contrary to each other, i.e. low rates were associated with large environments (e.g. maize) and vice versa (e.g. barley; Table 5). Compared to
STPH2O-CO2, yield response to STPAAE10 was less steep and shifted towards larger environments relative to STP (Fig. 3).

independent of the starting values and therefore unambiguous. While
the linear-plateau and Mitscherlich functions returned similar goodness
of ﬁt measures, the random effects structure of the quadratic model for
STPAAE10 did not cover the variance in the data at the year and site levels
adequately (Supplementary Fig. 5).
Hence, we selected the Mitscherlich function for further analyses.
The inclusion of random effects improved the ﬁt considerably from, on
average, R2 = 0.24 at population level to R2 = 0.88 at site level. The random effects had zero mean and evenly distributed standard deviations
among the year, site, and unit levels of, on average, 6, 19, and 8%, respectively (Supplementary Fig. 5). Crop-speciﬁc parameter intercepts
(based on the reference level of ‘crop’) differed signiﬁcantly among
crops (Table 5), entailing distinctly shaped response curves for each
crop (Fig. 3). Asymptote was in good agreement with the respective average yield measured in the highest yielding treatment and the variation among and within asymptotes was small. By contrast, rate and
environment varied considerably among crops and were generally

3.4. Importance of covariates
The coefﬁcients of the covariates for asymptote, rate, and environment, respectively, ranged on average from −9–2%, −1.0–1.0
(mg kg−1)−1, and 0.00–0.15 mg kg−1 for STPH2O-CO2 and from −9–2%,
−0.01–0.01 (mg kg−1)−1, and −12–14 mg kg−1 for STPAAE10 (Fig. 4).
All covariates but precipitation deviation had signiﬁcant effects on at
least two parameters and the CAT scores were mostly associated with
effect size, with few exceptions. Effect variability differed most prominently between covariates for asymptote, being smallest for fertilization
and largest for the climate variables. Effect direction and size were

Fig. 2. Mean STPH2O-CO2 and STPAAE10 in six P fertilization treatments during 26 years at six sites (solid points) and initial STPH2O-CO2 and STPAAE10 at each site (open shapes). Estimated
marginal mean ± standard error (black) and 95% conﬁdence intervals (grey) of STP retrieved from linear mixed models with year, site, and block as nested random effects. Different
letters denote signiﬁcant differences at p < 0.05 between.
6
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Table 5
Mitscherlich parameters for asymptote, rate, and environment of linear mixed models containing wheat, barley, maize, and potato, respectively, as reference level of ‘crop’ with year, site,
and block as nested random effects. Estimated mean ± standard error. Bold font indicates signiﬁcant difference from zero. Different letters denote signiﬁcant differences in asymptote, rate,
and environment, respectively, between crops based on contrasting parameter and coefﬁcient estimates.
Crop

Wheat
Barley
Maize
Potato

STPH2O-CO2

STPAAE10

Asymptote [%]

Rate [(mg kg

103
103
116
95

4.3
7.7
2.6
4.9

±
±
±
±

4b
5 ab
5a
5b

±
±
±
±

1.0 b
1.7 a
0.5 c
0.9 b

−1 −1

)

]

Environm. [mg kg
0.68
0.12
1.22
0.18

±
±
±
±

−1

0.21 a
0.10 b
0.33 a
0.10 b

]

Asymptote [%]

Rate [(mg kg−1)−1]

Environm. [mg kg−1]

104
104
115
95

0.04
0.06
0.02
0.05

99
46
204
43

±
±
±
±

4 ab
6 ab
4a
5b

±
±
±
±

0.01 b
0.01 a
0.01 c
0.01 a

±
±
±
±

28 a
16 b
69 a
15 b

maize, whose critical concentrations were particularly sensitive to
changes in rate (Fig. 6). However, they became positive only at very
low rates.
A change in coefﬁcients altered critical STP concentrations of barley
and potato more strongly than those of wheat and maize as 95% of maximum predicted yield was often already achieved at 0 STP for wheat and
maize (Figs. 7–10). The most prominent change in critical STP was induced by annual temperature: 0–0.33, 0.15–0.44, 0–0.80, and
0.23–0.70 mg kg−1 STPH2O-CO2 and 0–40, 0–44, 0–78, and
4–56 mg kg−1 STPAAE10 for wheat, barley, maize, and potato, respectively (Figs. 7–10). Changes in soil clay content also changed the critical
concentrations for wheat, barley, and potato considerably, which
ranged between 0 and 0.24, 0.20 and 0.50, and 0.35 and 0.66 mg kg−1
STPH2O-CO2, respectively, and 0 and 17, 11 and 41, and 18 and
49 mg kg−1 STPAAE10, respectively (Figs. 7, 8, and 10). Changes in fertilization and soil pH, respectively, were also associated with pronounced
changes in critical STPAAE10 of 0–22 and 11–31 mg kg−1 for barley and
0–30 and 20–38 mg kg−1 for potato (Figs. 8 and 10). These relations
were less prominent for critical STPH2O-CO2 (Figs. 8 and 10).

similar for both extraction methods, except for the effect of soil pH on
environment (Fig. 4).
Fertilization was positively related to asymptote and environment
and negatively to rate, although partly not signiﬁcantly. Clay content
and soil pH were negatively related to asymptote and positively to environment and rate, respectively. In addition, soil pH had a strong negative
relation to environment for STPAAE10 but not for STPH2O-CO2. Annual temperature affected all parameters, asymptote negatively and rate and environment positively. Annual precipitation was negatively related to rate
and positively to environment, while precipitation deviation had a negative effect on rate only.
3.5. Critical soil test phosphorus
Critical STP was generally low but varied considerably among years
and sites (Fig. 5; Supplementary Table 4). Mean concentrations for critical STPH2O-CO2 at 90, 95, and 98.5% of maximum predicted yield, respectively, were 0, 0.15, and 0.45 mg kg−1 for wheat, 0.24, 0.33, and
0.48 mg kg−1 for barley, 0, 0.09, and 0.59 mg kg−1 for maize, and 0.41,
0.58, and 0.87 mg kg−1 for potato (Fig. 5). Mean concentrations for critical STPAAE10 were 0, 10, and 48 mg kg−1 for wheat, 13, 25, and
47 mg kg−1 for barley, 0, 0, and 11 mg kg−1 for maize, and 19, 36, and
63 mg kg−1 for potato (Fig. 5). Critical concentrations at 95% of maximum predicted yield are given in Supplementary Table 4 for all years
and in Supplementary Fig. 8 for selected years.
Critical STP was independent of asymptote and sensitive only to
changes in rate and environment along the 10 to 90% quantile ranges
(Fig. 6). While the relation was negative-linear for environment, it was
negative-exponential for rate, i.e. the decrease in critical STP with increasing rate was more pronounced at low rates. Critical STP was similarly sensitive to changes in model parameters for all crops except

4. Discussion
4.1. Effect of long-term phosphorus fertilization on yield and soil
phosphorus
Both relative yield and STP are clearly affected by long-term phosphorus fertilization. Treatment effects, however, do not run parallel for
the two variables: Differences in yield are limited to underfertilization
and vanish under norm to overfertilization, where differences in STP
are most prominent. With increasing fertilization rates, the proportion
of recent fertilizer P utilized by plants decreases, while accumulated

Fig. 3. Mitscherlich curves representing yield response of wheat, barley, maize, and potato to STP. Curves are based on model parameters excluding ﬁxed effects of covariates
(corresponding to values in Table 5).
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Fig. 4. Effects of scaled covariates on the Mitscherlich parameters asymptote, rate, and environment for yield response of wheat, barley, maize, and potato to STP and their signiﬁcance
excluding (p-value) and including (CAT score) adjustment for auto-correlation among covariates. Estimated mean ± 95% conﬁdence intervals.

Fig. 5. Critical STPH2O-CO2 and STPAAE10 for wheat, barley, maize, and potato at 90, 95, and 98.5% of maximum predicted yield. Boxplots depict ranges of critical STP for all combinations of
year and site and shadings mark ranges of measured STP concentrations. Numbers in brackets are numbers of observations and crosses are mean values.
8
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Fig. 6. Sensitivity of critical STP at 95% of maximum predicted yield to changes in model parameters when two parameters are kept at their median and the third one is varied along its 10 to
90% quantile range among all groups of sites within years.

Fig. 7. Critical STP concentrations at 95% maximum predicted yield of wheat (numbers in boxes) and their sensitivity to changes in coefﬁcients of model covariates. All coefﬁcients but one
are kept at their median (except P fertilization: minimum = 0% P input). Low, medium, and high scenarios of the remaining coefﬁcient correspond to its 10, 50, and 90% quantiles,
respectively. Only critical STP concentrations equal to or greater than zero are shown.
9
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Fig. 8. Critical STP concentrations at 95% maximum predicted yield of barley (numbers in boxes) and their sensitivity to changes in coefﬁcients of model covariates. All coefﬁcients but one
are kept at their median (except P fertilization: minimum = 0% P input). Low, medium, and high scenarios of the remaining coefﬁcient correspond to its 10, 50, and 90% quantiles,
respectively. Only critical STP concentrations equal to or greater than zero are shown.

Fig. 9. Critical STP concentrations at 95% maximum predicted yield of maize (numbers in boxes) and their sensitivity to changes in coefﬁcients of model covariates. All coefﬁcients but one
are kept at their median (except P fertilization: minimum = 0% P input). Low, medium, and high scenarios of the remaining coefﬁcient correspond to its 10, 50, and 90% quantiles,
respectively. Only critical STP concentrations equal to or greater than zero are shown.
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Fig. 10. Critical STP concentrations at 95% maximum predicted yield of potato (numbers in boxes) and their sensitivity to changes in coefﬁcients of model covariates. All coefﬁcients but one
are kept at their median (except P fertilization: minimum = 0% P input). Low, medium, and high scenarios of the remaining coefﬁcient correspond to its 10, 50, and 90% quantiles,
respectively. Only critical STP concentrations equal to or greater than zero are shown.

The linear-plateau and Mitscherlich functions yield better model ﬁts
than the quadratic function, supporting previous studies (Mallarino and
Blackmer, 1992; Hochmuth et al., 1993; Valkama et al., 2011). Yield decrease at high STP implied by the quadratic function is not reﬂected in
the data within the calibration range of our study, which is in line
with other ﬁndings (White and Hammond, 2008; Buczko et al., 2018).
Additionally, the use of the quadratic function for STP calibration cannot
be recommended because of the inadequate representation of the plateau at maximum yield and the overestimation of fertilizer requirements (Colwell et al., 1988; Hochmuth et al., 2011). A similar
goodness-of-ﬁt for the linear-plateau and Mitscherlich functions has
also been shown by others (Dodd and Mallarino, 2005; Tang et al.,
2009; Wu et al., 2018). However, the more straight-forward process of
parameter estimation is the ultimate indication for the Mitscherlich
function in our study.

soil P increases (Johnston and Richards, 2003; Kirkby and Johnston,
2008), building up soil P reserves (Syers et al., 2008; Yli-Halla, 2016).
While maize is the only crop with signiﬁcant yield increases also
above norm P fertilization, the yield difference of 3% compared to surplus P fertilization is small and similar to that of barley and potato. Differences in statistical signiﬁcance between crops can rather be ascribed
to differences in number of data points and yield variability than differences in actual treatment effects. Crop demand for P seems to be largely
met around norm P fertilization, suggesting that the availability of other
resources, possibly N, determines yield response beyond norm P fertilization (Engels et al., 2012).
4.2. Suitability of models
The tested models accommodate classical nonlinear regressions of
STP and yield, concomitant effects of pedoclimatic conditions, and multilevel data structures. While covariates have frequently been included
in yield response models (Colwell et al., 1988; Mallarino and
Blackmer, 1992; Kuchenbuch and Buczko, 2011; Buczko et al., 2018),
the temporal and spatial grouping of data in multivariate nonlinear
models has only recently been accounted for in agronomic studies
(Gonçalves et al., 2016; Parent et al., 2017; Sari et al., 2018). Combined
experiments require mixed models that integrate the data structure in
random effects terms (Loughin, 2006; Moore and Dixon, 2015). Here,
we consider year as ‘global’ source of yield variation, mainly affected
by the seasonal variation in climate among years, and site as subordinate
source, mainly affected by soil and microclimatic characteristics. The redundancy of block as random effects level suggests that experimental
designs without true ﬁeld replicates could be suitable for soil test calibration studies when long time series (Loughin, 2006; Payne, 2015)
and diversiﬁed sites (Casler, 2015) provide seasonal and spatial
variation.

4.3. Crop response to soil test phosphorus
The large dataset of 26 years of differential P fertilization provides an
adequate basis to describe yield response to STP. Using the same data
from the ﬁrst nine years of the experiment, Gallet et al. (2003) could
not ﬁnd a suitable model to relate crop yield to STP, which underlines
the long-lasting effect of accumulated soil P reserves (Yli-Halla, 2016).
In our study, the variation in crop responsiveness to STP is striking.
The curves of maize and wheat are already close to their asymptotes at
zero STP, while barley requires a larger and potato the largest increase
in STP to reach their asymptotes. This is consistent with the observed
yield increase of 6% each for wheat and maize and 11% each for barley
and potato between zero P fertilization and the highest-yielding treatment. Meta-analyses of data from European P fertilization trials reveal
similar differences in responsiveness to extractable soil P between
11
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crops with potato > barley > wheat but ﬁndings for maize are contradictory (Nawara et al., 2017; Buczko et al., 2018).
Potato is much less efﬁcient than graminoids to utilize soil P because
of its relatively poor architectural and physiological root characteristics
(Hopkins et al., 2014) that both govern plant P uptake (Hinsinger, 2001;
Lynch, 2011; Marschner and Rengel, 2012; van de Wiel et al., 2016). The
entire root system including root length and root surface area is considerably smaller (Stalham and Allen, 2001; Yamaguchi, 2002), while the
roots exude smaller amounts of organic acids into the rhizosphere
(Wang et al., 2015) and are often less densely colonized by mycorrhizal
fungi due to intensive soil management (McGonigle et al., 1999;
Hopkins et al., 2014). Hence, potato plants are impaired to intercept P
in the soil solution and to mobilize adsorbed P by chemical changes of
the rhizosphere compared to wheat, barley, and maize.
Despite wheat and barley being alike in P removal (Sinaj et al., 2017)
and rooting characteristics (Nobile et al., 2019), the two crops respond
differently to STP. This may be linked to differently pronounced mechanisms of yield response or compensation strategies (McDonald et al.,
2018). While P acquisition efﬁciency (net total P uptake per unit available P) seems to be high and not decisive for yield response in wheat,
it shows a strong genetic variation and effect on yield in barley
(Gahoonia and Nielsen, 1996; McDonald et al., 2018). Hence, depending
on barley genotype, P uptake and consequently yield formation may be
more constrained in barley than wheat under low P availability.
For maize, Nawara et al. (2017) found a similarly low responsiveness
to STP, whereas Buczko et al. (2018) reported the opposite. The coarse
root system and more rapid biomass increase during vegetative growth
of maize compared to wheat would support a higher demand for soil P
(Smolders et al., 2020). In our study, the very high yield relative to the
Swiss average, however, indicates that growth conditions for maize
may be exceptionally favourable, potentially attenuating yield response
to STP. In addition, numerous other factors that we did not study may
govern crop responsiveness to STP, such as rotational effects of legumes
(Oberson et al., 2011) or the contribution of subsoil P reserves to crop
uptake (Syers et al., 2008; Buczko et al., 2018).

formation. Increasing clay content additionally shifts the response
curves towards more negative STP values, i.e. larger environments,
reﬂecting an increase in the discrepancy between soil P extractability
and actual crop P utilization (Flisch et al., 2017). However, clay content
is often correlated with soil organic carbon (Kleber et al., 2015), which
has repeatedly been shown to have a strong impact on crop response
to STP due to its effect on soil structure and, hence, penetrability and interception of P by roots (Johnston et al., 2014; Schneider et al., 2019). It
is therefore not possible to identify the distinct source of effects on the
environment parameter in this study, which would need further investigation of soils with diverging clay and soil organic carbon contents.
The effect of soil pH on asymptote and rate is similar for the two extraction methods, whereas its strong effect on environment appears only
for STPAAE10 but not STPH2O-CO2. This highlights the sensitivity of the
AAE10 method to the presence of carbonates (Stuenzi, 2006b). In contrast to H2O-CO2, the strongly acidic AAE10 also breaks stable calcium
compounds and releases large amounts of a phosphate pool that is
only fractionally utilized by plants, hence, shifting the response curve
towards larger STPAAE10 values. The AAE10 method is therefore not recommended for soils with calcium concentrations > 4 g kg−1 (pH > 6.8)
in the current Swiss fertilization recommendation guidelines (Flisch
et al., 2017). However, our results strongly suggest that yield response
to STPAAE10 can successfully be modelled also for soils with pH > 6.8,
when the horizontal position of the response curve is accordingly ﬁtted.
The calcium concentration, which can routinely be measured in AAE10
extracts, might give even more accurate information on the effect of the
extractant on P recovery (Stuenzi, 2006b).
The marked negative relation of annual temperature to maximum
predicted yield is in line with studies on the continental and global
scale (Lobell and Field, 2007; Peltonen-Sainio et al., 2010). Elevated
temperature causes yield reductions through shortened maturation
and incomplete grain ﬁlling in cereals (Peltonen-Sainio et al., 2010)
and secondary tuberization in potato (Rykaczewska, 2015). High temperature per se is unlikely to impair maize yields in Switzerland
(Holzkämper et al., 2015) but concomitant soil water deﬁcits and increased pest infestation during summer (Swiss Academies of Arts and
Sciences, 2016) may also cause yield reductions. The strong positive effect of annual temperature on rate and environment entails a decrease in
crop responsiveness to STP with increasing temperature, which is possibly linked to increased mineralization and availability of organically
bound P but also overall lower P demand due to considerably lower
crop biomass production.
Annual precipitation and precipitation deviation do not clearly affect
maximum predicted yield despite accounting for a large part of the variation in asymptote. This could be due to an interaction with crop as the
two variables are positively related to barley yields but negatively to potato yields. However, crop responsiveness to STP, as reﬂected by the
combination of rate and environment, is strongly affected by annual precipitation. This highlights the impact of soil water on P availability and
uptake by crops (Kirkby and Johnston, 2008). The small effect size of
precipitation deviation compared to annual precipitation suggests
only a minor importance of weather conditions during juvenile crop development for relative yield (Dahnke and Olson, 1990), which might
differ when the response variable is absolute yield (Parent et al., 2017).

4.4. Response curves for H2O-CO2 and AAE10
The Mitscherlich parameters rate and environment additionally depend on the extraction method: the response curves for STPH2O-CO2
are steeper and shifted towards smaller environments, i.e. closer to the
origin, than those for STPAAE10. This can be attributed to the different P
fractions that are measured with different methods (Neyroud and
Lischer, 2003; Shwiekh et al., 2015). In accordance, Holford et al.
(1985) found steeper response curves for weaker extractants and additionally linked the curvature (rate) to the effectiveness of the extraction
method for predicting P fertilizer requirements. A response curve
whose x-intercept is not signiﬁcantly different from zero, i.e. close to
the origin, provides a good representation of utilized crop P by STP, as
in the case of barley and potato yield response to STPH2O-CO2. This suggests that H2O-CO2 as extractant can generally provide better estimations of crop P requirements than AAE10.
4.5. Improvement of yield response models by pedoclimatic variables
Fitting one model to the entire dataset postulates similar
pedoclimatic effects on model parameters for different crops but also facilitates the identiﬁcation of general relations. We observed strong effects of several soil and climate variables on all parameters, supporting
ﬁndings by Parent et al. (2017) for potato yield response to N fertilization in 93 Canadian trials. Compared to their study, we found a twotimes larger impact of annual temperature and precipitation on the
rate parameter, which might be attributed to the small dataset but
large gradient in climate variables among years and sites in our data.
An increase in both clay content and soil pH is associated with lower
predicted yield maxima due to their prominent effects on yield

4.6. Critical soil test phosphorus
Our ﬁndings underline that critical STP strongly depends on crop,
extraction method, and the deﬁned percentage of maximum predicted
yield. The large differences in mean critical concentrations among
crops (0.09–0.58 mg kg−1 STPH2O-CO2; 0–36 mg kg−1 STPAAE10) at 95%
of maximum predicted yield are representative of the variation in crop
response to STP in general. A wide range of crop-speciﬁc critical concentrations was found in numerous studies (Johnston, 2005; Colomb et al.,
2007; Cadot et al., 2018; Sucunza et al., 2018; Smolders et al., 2020),
12

J. Hirte, W. Richner, B. Orth et al.

Science of the Total Environment xxx (xxxx) xxx

calculating their deﬁnite P demands (Sinaj et al., 2017). Hence, the
PRIF may overestimate fertilizer P requirements based on STP when
compared to the mean critical STP concentrations found in this study,
which adds to the increasing evidence that crop yields can be maintained at STP concentrations lower than those currently adopted in fertilization guidelines (Withers et al., 2014; Macintosh et al., 2019).
Due to the large variability in pedoclimatic conditions, mean critical
STP is not necessarily representative for many settings (Syers et al.,
2008). Similar to our study, Recena et al. (2016) and Johnston et al.
(2014) reported a strong variation in critical STP with varying soil properties such as pH, clay content, and organic carbon content. In the PRIF,
the pronounced negative relation of critical STP to clay content is taken
into account through differentiation by ﬁve clay content classes (Flisch
et al., 2017). Yet, climate conditions seem to govern critical STP to similar extent but are currently not accounted for. For instance, low temperature entails higher critical concentrations in our study, which
correspond to elevated soil P according to the PRIF (Flisch et al., 2017).
Fertilizer P requirements would thus be underestimated on sites with
lower mean annual temperature such as in mountainous regions. Depending on site conditions, those effects may accumulate and enhance
the discrepancy between fertilization recommendations and actual
crop P demand.
As rate and environment differ between STP extraction methods, so
do the critical concentrations. The critical concentrations are less variable among crops and pedoclimatic scenarios for STPH2O-CO2 than for
STPAAE10. This highlights the need for validation of method-speciﬁc fertility classes rather than conversion factors of STP concentrations between methods.

although similar values were also shown for wheat and maize (Tang
et al., 2009; Wu et al., 2018) and wheat and barley (Bell et al., 2013).
Only few authors have reported critical concentrations for the H2OCO2 and AAE10 methods so far. In an early work in Switzerland, Peyer
and Frei (1971) studied different cereals over six years on six sites and
derived critical STPH2O-CO2 concentrations of ⁓0.9–1.2 mg kg−1. Recently, Cadot et al. (2018) reported mean critical STPH2O-CO2 concentrations for wheat and maize over 44 years on one Swiss site of
⁓0.3–0.4 mg kg−1. Our results (cereals: ⁓0.1–0.3 mg kg−1) are considerably lower than the values of the short-term study and match better
with the long-term analysis. This indicates that the relation of crop P uptake to STP is likely to differ between accumulation and depletion dynamics of soil P (Maguire et al., 2005). Reported critical STPAAE10
concentrations for cereals are less variable among studies:
13–22 mg kg−1 in Switzerland (Cadot et al., 2018), 26–66 mg kg−1 in
Belgium (Genot et al., 2011), and 17 mg kg−1 in Texas (pot experiment;
Hons et al., 1990). The use of different response functions and site- and
management-speciﬁc growth conditions may contribute to the differences (Mallarino and Blackmer, 1992).
Despite physiological differences in crop responsiveness to STP,
crop-speciﬁc critical concentrations may be impractical for use in crop
rotations (Nawara et al., 2017). Only a small proportion of utilized P
by the crop is recent fertilizer P and the remainder originates mainly
from previous P applications (Syers et al., 2008; Yli-Halla, 2016). In
the long term, even single fertilizer applications once per rotation can
be as efﬁcient as annual fertilizer applications (Barber, 1980), suggesting that weighted mean values for the entire rotation rather than
crop-speciﬁc critical STP concentrations can provide an adequate basis
for fertilization recommendations.
The independence of critical STP of asymptote supports previous observations. Similar critical STP concentrations have been reported for
cereals in different years although yields depended strongly on weather
conditions and N supply (Johnston, 2005; Johnston et al., 2014). Even
when economic aspects of yield response to nutrient supply are considered, a change in asymptote has only a minor effect on critical concentrations as compared to rate and environment (Parent et al., 2017). This is
highly relevant for the choice of covariates for response models as
they are commonly selected based on their effect on maximum yield
(Colwell et al., 1988; Parent et al., 2017). However, focusing on critical
STP, pedoclimatic variables should be chosen based on their inﬂuence
on the other model parameters.
Recommendations of surplus, replacement, and zero fertilization as
deﬁned by Morel et al. (1992) are based on critical STP at 90, 95, and
98.5% of maximum predicted yield, respectively. The practicality of
this approach is essentially governed by the curvature of the response
curve, as it determines the difference in critical STP between 90 and
98.5% yield. For instance, the high rate of barley entails a narrow range
of critical STPH2O-CO2 between 90 and 98.5% yield of
0.24–0.48 mg kg−1, whereas the low rate of maize results in a wide
range of 0–0.59 mg kg−1. When differences in critical STP between 90
and 98.5% yield become very small, analytical uncertainties may invalidate those differences. When they become very large, the expected
yield increase may not justify economic and ecological downsides of
high soil P (Mallarino, 2012).
Related to the Swiss fertilization guidelines PRIF (Flisch et al., 2017),
the mean critical concentrations at 95% of maximum predicted yield for
soils with a clay content corresponding to the mean clay content in this
study (26%) are within the ranges of the soil P fertility classes A (wheat,
maize) and B (barley, potato) for STPH2O-CO2 and A (maize), B (wheat,
barley), and C (potato) for STPAAE10. Class C represents an adequate
soil P status, while classes A and B refer to deﬁcient and moderate soil
P, respectively. Consequently, the Swiss P fertilization guidelines
would recommend elevated P fertilization at 1.3–1.5 times of crop P removal for STPH2O-CO2 and 1.0–1.5 times for STPAAE10. Moreover, potato
and maize are considered to be P sensitive crops and, according to the
PRIF, an additional correction factor of 1.2 would be applied for

4.7. Perspectives
Long-term experiments including a zero P fertilization treatment
usually provide the platform for STP calibration (Jordan-Meille et al.,
2012). Some issues with this approach comprise the confounded relation of STP to time, the resource intensity over long time periods, or
the rather little relevance of long-term zero P fertilization for agricultural practice. With ongoing depletion of total P, initially ﬁxed residual
P gets mobilized and adds to the extractable soil P pool (Zhang et al.,
2004; Bai et al., 2013). This requires repeated measurements over long
time periods to estimate crop response to STP. In addition, long-term
zero P fertilization is an unrealistic scenario in agricultural practice,
which might question the applicability of critical STP derived from a
zero P fertilization treatment. Hence, the need for alternative methods
to estimate soil P availability and derive critical concentrations becomes
increasingly obvious (van Maarschalkerweerd and Husted, 2015) and
spectroscopic techniques are likely to ﬁll this gap in the near future
(Cade-Menun, 2017; Pätzold et al., 2019).
In addition to agronomic optima of STP, economic considerations are
often included in yield response models. Hence, a monetary value must
be assigned to STP (Morris et al., 2017; Sihvonen et al., 2018), which has
recently been expanded from mere fertilizer costs for the farmer to societal beneﬁts in the form of ecosystem services such as soil P retention
for water quality (Macintosh et al., 2019). This demands far more management and site-speciﬁc information than is usually collected in routine soil testing, e.g. organic P, subsoil P reserves, or rooting patterns.
Online tools such as the BFDC Interrogator in Australia (Dyson and
Conyers, 2013) can then provide tailored fertilization recommendations
while at the same time being easily accessible and user-friendly.
5. Conclusions
We present a novel approach based on multivariate multilevel
modelling to relate crop yield to STP and concurring pedoclimatic conditions during 26 years on six sites in Switzerland. The inclusion of random effects governed model ﬁt more profoundly than STP extraction
method or choice of response function, which highlights the importance
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of taking the hierarchical data structure inherent to long-term multiexperiment studies into account. Crop response to STPH2O-CO2 was better interpretable, less variable among crops and pedoclimatic scenarios,
and less sensitive to changes in soil pH than crop response to STPAAE10.
Therefore, STPH2O-CO2 facilitates better estimations of crop P requirements than STPAAE10 and soil P fertility classes in the Swiss fertilization
guidelines PRIF need to be validated independently for the two
methods. Our results further suggest that critical STP concentrations
for optimal yield are lower than those currently adopted in the PRIF
and that the empirically derived soil P fertility classes overestimate actual P demand of arable crops on average. Yet, soil and climate conditions account for a large variability in critical STP indicating that sitespeciﬁc P fertilization recommendations could be improved on the
basis of agro-climate classes in addition to currently included soil information. This may counteract the accumulation of unutilized soil P under
the according pedoclimatic conditions and help to further reduce the
environmental strain by long-term P application.
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