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A B S T R A C T

Soil-crop models are pertinent tools to study and manage phosphorus (P) in agroecosystems. However, P 
modeling is suffering a delay as compared to nitrogen and carbon. In this study, we extended the STICS model to 
simulate the P uptake and P feed-back by coupling it with a soil-plant P model. The paper aims at describing the P 
model and present the results showing the ability of the model to simulate contrasting P uptake and growth 
response pattern of maize submitted to different level of P inputs. in temperate area. The model simulates the soil 
P availability and the crop P demand, uptake, and partitioning. A major originality of this work is that it relies on 
soil solution P concentration and P sorption curves to simulate soil P availability, and critical P dilution curves to 
simulate crop P demand. We evaluated the model against a dataset coming from four field fertilization trials 
located at different site in mainland France. The trials consisted of fertilizing maize with a mineral fertilizer at 
three application rates (P0, P1, P2) which induced contrasted crop responses to P shortage. The model has shown 
great ability in predicting P uptake both dynamically and at the end of the cropping season for the entire dataset 
(EF >0.75). The model has satisfactory predictions of crop biomass accumulation (EF >0.5) and leaf area index. 
Considering each fertilization level separately, the evaluation has shown that the model had predicted the final P 
uptake of P1 and P2 treatments better than that of P0 treatment (EF of 0.74, 0.73 and 0.62 for P2, P1, and P0, 
respectively). The predictions made for the P0 treatment remained nonetheless satisfactory for both P uptake and 
plant growth. The good performance of the model is promising as it shows that the model is sufficiently robust to 
simulate maize P uptake across a range of soil P availability and P fertilization under contrasting temperate 
climatic conditions. Further validation on other crop species and soil and climatic conditions is discussed.

1. Introduction

Agroecosystems are complex systems that involve several compo
nents that may interact. While experimentation is a pertinent tool to 
understand components, it has difficulties to catch the complexity of 
such systems (Wallach et al., 2014). Crop models are useful tools which 
complement experimentation and allow to understand the overall per
formance of the system (Jones et al., 2017), while incorporating our 
knowledge on its components (Das et al., 2019). They allow notably to 
test in a short time, different scenarios that could not be tested experi
mentally (Hinsinger et al., 2011). They have notably been used exten
sively to optimize nitrogen (N) fertilization and management (Salo et al., 

2016). In contrast, there are little quantitative tools to monitor phos
phorus (P) crop nutrition (Reid et al., 2011).

Modelers have been interested in modeling the P cycle since the 
1970s. The models developed were mainly biophysical models focusing 
on specific mechanisms and their applications (Daroub et al., 2003). We 
can notably cite the mathematical models that have been developed to 
simulate P fluxes to roots (Claassen and Barber, 1974). However, such 
models are not adapted to handle the P cycle at the scale of a crop 
(Probert, 2004), and crop models that account for P remain scarce. Many 
reasons may explain the delay in the development of P crop modeling as 
compared to other elements such as N. According to Das et al.,(2019), 
this is mainly due to the fact that most recent models (e.g. Daroub et al., 
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2003; Dzotsi et al., 2010; Probert, 2004) are based on the pioneering 
work of Jones et al. (1984) to integrate P in the EPIC model through a 
conceptual representation of soil P pools. While this approach may have 
good results, the difficulty in measuring, initializing, and evaluating this 
pool is a major limitation to the development of P modeling (Das et al., 
2019). Yin et al. (2021) raise the concern that models grows in number 
but are not necessary enhanced from this point of view. Another break is 
the importance of rhizospheric processes in P crop nutrition and the 
difficulty in quantifying and formalizing them in soil-crop models 
(Hinsinger et al., 2011). In addition, most of the efforts invested in P 
modeling have focused on the soil compartment (Lewis and McGechan, 
2002; Pferdmenges et al., 2020), while the plant compartment and its 
response to P shortage remains scarce.

The need for soil-crop models that address P nutrition and its effect 
on crop growth is particulary important in the context of agroecological 
transition to be able to simulate low-input systems (Probert, 2004). The 
current trend in soil-crop modeling is towards more mechanistic ap
proaches (Yin et al., 2021). Semi-mechanistic models that handles N and 
water nutrition are numerous (Salo et al., 2016). In particular, STICS is a 
dynamic, generic, and semi-mechanistic soil-crop model. It handles both 
N and water nutrition of the crop and it is used to monitor both yield 
responses and environmental variables (Brisson et al., 2003). It has 
proven its accuracy in predicting both crop and soil variables, especially 
under European conditions (Coucheney et al., 2015). However such 
models may have limited usefulness in low-input systems as well as in 
tropical agroecosystems where other nutrients may limit crop growth 
(Delve et al., 2009). The need for models that manage both N and P 
stress has been reported in a recent review in order to address N-P 
co-limitation, which is common in agroecosystems (Seghouani et al., 
2024). Integrating a P model into an existing soil-crop model is a com
mon approach (e.g. Daroub et al., 2003; Dzotsi et al., 2010; Jones et al., 
1984; Probert, 2004).

This work aims to introduce new soil and plant P modules in the 
STICS soil-crop model that allow the simulation of soil P availability, P 
demand, P uptake and the plant growth response to P. This study de
scribes the formalisms of both soil and plant P modules and their inte
gration in STICS, and evaluates of the performance of the model in 
predicting P uptake and crop growth using multi-site field measure
ments of maize in France.

2. Model description

The STICS P model is developed on the basis of the FUSSIM-P model 
(Mollier et al., 2008). It is structured as a set of modules (Fig. 1.). The P 
modules are coupled to the STICS soil-crop model, which was previously 
described by Beaudoin et al. (2023). The P modules run in the following 
order: (1) soil P availability (2) crop P demand (3) root P uptake (4) P 

stress and (5) P partitioning. The P modules exchange variables among 
themselves and with the STICS core at a daily time step (Supplementary 
Information 1). Hereafter are described the P modules and their 
formalisms.

2.1. Soil P supply

Soil P supply is computed for each 1 cm layer (z) of the soil. It is 
represented both by the content of P in the soil solution (Qw, mg P kg− 1 

DM) and by the amount of P (Pr, mg P kg− 1 DM) that can replenish the 
soil solution in 24 hours from the solid phase under a depletion gradient. 
The P content of the soil solution is calculated from the concentration 
(CP, mg P L− 1) of orthophosphate ions (H2PO4

- and HPO4
2- denoted as oP 

ions thereafter), the soil water content (θ, L L− 1), and the bulk soil 
density (Da, kg DM L− 1) as follows: 

Qw =
θ × CP

Da
(1) 

Pr is computed from CP by a Freundlich equation describing the solid- 
solution P equilibrium in soil as presented by (Schneider and Morel, 
2000): 

Pr = v × CP
w × tp (2) 

Where, v, w, and p are the Freundlich kinetic parameters that charac
terize the isotherm and, t is the time (min). The available P in each layer 
(E, mg P kg− 1 DM) is obtained from the sum of both Pr and Qw. 

E = (Pr +Qw) (3) 

The model only accounts for the soil P mineral fraction and conse
quently neglects the contribution of organic P to plant nutrition. In fact, 
Raguet et al. (2023) showed that oP ions released by the mineralization 
of soil organic P are negligible compared to the oP ions released by 
desorption-diffusion processes at the solid/solution interface.

2.2. Plant P demand

Daily plant P demand is driven by biomass production. Aerial part 
demand is based on the dilution curve concept as described for major 
nutrients such as N (Lemaire et al., 2008) and P (Lemaire et al., 2019; 
Morel et al., 2021). The model computes the optimal P concentration 
([Pcrit], g P kg− 1 DM) as a function of biomass (denoted as masec, t DM 
ha− 1 in STICS) as following: 

[Pcrit] = a × masec− b (4) 

Where, a (g P kg− 1 DM) and b (dimensionless) are parameters charac
terizing the P dilution curve. The daily plant P demand (BasePdemand, 

Fig. 1. Structure of the P module and its interactions with the STICS soil-crop model.
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kg P ha− 1) is derived from Eq. 4 according to the daily biomass growth 
increment (dltams, t DM ha− 1) as: 

BasePdemand = dltams × a(1 − b) × masec− b (5) 

As the P dilution curves apply only from a minimum of biomass, the 
demand was considered as constant and maximal below this biomass 
(masecPmax, t DM ha− 1) and was computed as: 

if(masec ≤ masecPmax) then BasePdemand = dltams × a (6) 

In order to simulate situations of P accumulation where the P con
centration is higher than [Pc] (i.e. luxury P uptake), we computed Aer
ialPdemand (kg P ha− 1) from BasePdemand, taking into account the plant 
nutrition status and the surplus of P in the soil as compared to the 
BasePdemand as: 

AerialPdemand = BasePdemand + (Ssm − BasePdemand)

× Accumulationcoef (7) 

Where, Ssm is the plant’s potential P uptake (kg P ha− 1), which is 
detailed below in Eq. 13. Eq. 7 is only computed if Ssm is greater than 
Base P demand. Otherwise the AerialPdemand is equal to either Base
Pdemand according to Eqs. 5 and 6 or the amount of P required to reach 
Pc. In order to limit excessive P accumulation, a maximum P demand, 
Max P demand (kg P ha− 1), is computed according to Eq. 5, but taking 
into account for a maximum P concentration (Pmax ) with amax and 
bmax (Eq. 4). The daily AerialPdemand cannot be higher than 
MaxPdemand.

The daily P demand (Pdemand, kg P ha− 1) is equal to the sum of 
aerial and root P demand. The root P demand (RootPdemand, kg P ha− 1) 
is computed from a constant optimal root P content ([Proot], g P kg− 1 

DM), the daily root biomass production (dltamsrac, kg DM ha− 1) and the 
P nutrition index (PNI, dimensionless) as: 

RootPdemand = Proot × dltamsrac × PNI (8) 

The PNI is computed according to Eq. 16 in order to account for 
variations in P allocation to roots during P shortage or over- 
accumulation (see below for rationale).

2.3. Root P uptake

The root P uptake module features the formalisms of the uptake 
module of FUSSIM-P (Mollier et al., 2008) which were adapted to the 1D 
description of soil processes in STICS. Accordingly, each soil layer is 
characterized by a height (Δz) equal to 1 cm and soil properties 
including a CP and a Pr computed from Eq. 2. Each soil layer is also 
characterized by a root length density (lracz, cm cm− 3) with a fixed 
mean root radius (r0, cm). Phosphorus uptake is then computed for each 
soil layer using the microscopic nutrient uptake model developed by De 
Willigen and Van Noordwijk (1987) as: 
(

dQ
dCP

+ θ
)(

dCP

dt

)

=
D
R

d
dR

R
dCP

dR
− ql

dCP

dR
− Ss (9) 

Where, dQ/dCP is the soil buffering capacity (mL cm− 3), t is the time 
(day), ql is the water flux towards the root (cm day− 1) computed by 
STICS, R (cm) is the radial distance to the root center which varies be
tween the mean root radius r0 (cm) and the radius of the soil attributed 
to each soil rl (cm) calculated in Eq. 12 (below), D is the diffusion co
efficient of oP ions in the soil, and, Ss is the P uptake rate (kg P ha− 1). The 
model given in Eq. 9 therefore accounts for the transport of oP ions to 
roots by both diffusion and mass flow.

The diffusion coefficient D (m2 s− 1) is calculated according to Bar
raclough and Tinker (1981) as: 

D = D0fl (10) 

Where, D0 is the oP ions diffusion coefficient in free water (m2 s− 1) and, 

fl, is the tortuosity factor of the soil (dimensionless). fl is computed from 
the broken line function of θ proposed by Barraclough and Tinker (1981)
as: 

fl =

⎧
⎪⎨

⎪⎩

(f1θ + f2) for θ ≥ θl

θ(f1θ + f2)

θl
for θ < θl

⎫
⎪⎬

⎪⎭
(11) 

Where, f1 and f2 are dimensionless parameters determined from soil 
properties and, θl is the water content at the intersection of the two lines.

The model assigns a soil to each root. This volume consists of a of soil 
characterized by the of the layer (1 cm) and on a cylinder of soil around 
each root characterized by the radius rl as: 

rl =
1

̅̅̅̅̅̅̅̅̅̅̅̅̅̅
πLracz

√ (12) 

The maximum P uptake rate (Ssm, kg P ha− 1) is calculated as the sum 
of the maximum uptake rate of each layer. We assume that the root 
behaves as a zero sink and that the maximum uptake rate is equal to the 
maximum rate of transport to the root. Ssm is thus derived from the 
steady-rate approximate solution for the concentration profile around 
the root (De Willigen and Van Noordwijk, 1994) as: 

Ssm =
∑n

Δz=1
2πΔzLraczD

(ρ2 − 1)
2G(ρ, υ)CP (13) 

Where, ρ is the normalized radius computed as rl/r0 and G(ρ,υ) is the 
following geometry function: 

G(ρ, υ) = 1
2(υ + 1)

(
1 − ρ2

2
+

ρ2(ρ2ν − 1)
2ν +

ρ2(ρ2ν − 1)(ν + 1)
2ν(ρ2υ+2 − 1)

+
(1− ρ2υ+4)(υ + 1)

(2υ + 4)(ρ2υ+2 − 1)
) (14) 

Where, υ is the dimensionless uptake of water such as: 

υ =
ql

4ΔzπLraczD
(15) 

If the maximum uptake rate Ssm is greater than the crop P demand 
(P_demand), then the actual uptake Ssr is equal to P demand. If Ssm cannot 
satisfy the crop P demand, then Ssr is equal to Ssm. Effective uptake is then 
distributed across the layers, by reflecting the proportion of the root 
length of the layer relative to the total root length. If the roots cannot 
take up P at the required rate in one layer, the root system can 
compensate in other layers according to an iterative scheme. After ac
counting for root P uptake, CP is adjusted according to Eq. 2.

2.4. Phosphorus stress feed-back on crop growth and development

Plant P nutritional status is estimated through PNI as: 

PNI =
[P]

[Pcrit]
(16) 

If the PNI is less than 1, the crop is under P shortage. Conversely, a 
PNI greater than 1 indicates a situation of P luxury uptake. Accordingly, 
a stress index (Stress index, dimensionless) is computed with a scaling 
factor (stresscoef, dimensionless) that accounts for the crop sensitivity to 
P shortage as previously proposed by Beaudoin et al. (2023) in the STICS 
model: 

Stressindex = stresscoef × min(PNI,1) + 1–stresscoef (17) 

The Stress index was used to impact crop development (Stress index 
dev), root elongation (Stress index root), and leaves production and 
senescence (Stress index leaf) by running Eq. 17 with stresscoef dev, 
stresscoef leaf, and stresscoef root, respectively.

The model simulates crop development through an accumulation of 
development units (Upvt, ◦Cd) which are computed using the sum of 
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effective temperature (Udevcult, ◦Cd), from one phenological stage to 
another. Under P shortage, the daily accumulation of development units 
is reduced, resulting in a delay in crop development, as: 

Upvt = Udevcult × Stressindexdev (18) 

The reduction of daily new leaf production (Deltai, dimensionless), is 
simulated as: 

Deltai = Deltai × Stressindexleaf (19) 

The effect of a P shortage on leaves senescence is simulated by a 
reduction of leaves lifespan (durvieF, ◦Cd) as: 

durvieF = durevieF × Stressindexleaf (20) 

Plant adaptation to P shortage is further simulated by the production 
of longer roots as: 

rlj = msrac × Stressindexroots (21) 

Where, rlj is the daily root length production (m d− 1) and, msrac is the 
root biomass (t ha− 1).

The roots produced are also thinner under P shortage. This effect is 
simulated by increasing the specific root length (longsperac, cm g− 1) 
when computing msrac as: 

msrac(t) = msrac(t − 1) +
rlj

longsperac × 100
× Stressindexroots (22) 

To simulate thinner roots, the model reduces the radius of newly 
produced roots (newrootradius, cm) as: 

newrootradius = radius × Stressindexroots (23) 

Where, radius is a crop parameter describing the mean root radius 
(cm) under optimal conditions.

Finally, r0 which is the mean root radius of the crop, is updated by 
taking into account the radius of the newly produced roots (Eq. 24): 

r0(t) =
r0(t − 1) × rltot(t − 1) + xrlj × newrootradius

rltot(t)
(24) 

Where, rltot is the total root length of the crop per soil surface area (cm 
cm− 2). and xrlj is the daily production of root length.

2.5. Plant P partitioning

Plant P partitioning is subdivided from total plant P (QPtot, kg ha− 1) 
in P into grain (QPgrain) and P in the vegetative parts (QPveg). The latter 
is further divided into P in aerials (QPaerial) and root parts (QProot). The 
initial P content of the seed is considered as an input parameter (QPinit).

QPgrain is computed from the beginning of the phenological stage 
“grain filling” (idrp) as: 

QPgrain = PHI × QPaerial (25) 

Where, PHI is the P harvest index.
By analogy with the computation of the N harvest index in STICS 

(Beaudoin et al., 2023), the PHI is computed as: 

PHI = vitirpho × (day − idrp) + PHIini (26) 

Where, vitirpho and PHIini are, respectively, the rate of increase of PHI vs 
time and the initial PHI value. The P allocation to the grain is simulated 
from the day of the start of grain filling (idrp). The PHI cannot be greater 
than a maximum threshold (PHImax).

We account for a better of P remobilization to the grain when P 
nutrition is not optimal during the grain filling (eq.27): 

PHI = PHI/min(PNI, 1) (27) 

All P uptake and P demand parameters described in the model 
equations are listed in Table 1. Parameters were mostly derived from 

Table 1 
Soil and crop parameters description soil and values used during the simulations.

Symbols Explanation Value Units Source

Soil ​ ​ ​ ​
D0 Diffusion 

coefficient of oP 
ions in free 
water at 25 ◦C

0.76 cm2 

d− 1
Lide and 
Frederikse 
(1996)

f1 Tortuosity 
parameters (Eq. 
11)

1.58 (S1 and 
S2) 
0.99 (S3 and 
S4)

- Barraclough 
and Tinker 
(1981)

f2 Tortuosity 
parameters (Eq. 
11)

− 0.17 - Barraclough 
and Tinker 
(1981)

θl Tortuosity 
parameters (Eq. 
11)

0.12 - Barraclough 
and Tinker 
(1981)

Crop ​ ​ ​ ​
r0 Mean root 

radius
0.02 cm STICS corn file 

base value
QPinit Initial P content 

(seeds P 
content)

0.065 kg P 
ha− 1

Estimated from 
data (Sowing 
density and 
mean grain P 
content)

a P critical 
dilution curve 
parameter

3.72 - Estimated from 
data 
(evaluation and 
independent 
dataset)

b P critical 
dilution curve 
parameter

0.254 - Estimated from 
data 
(evaluation and 
independent 
dataset)

amax P maximum 
accumulation 
curve parameter

6 - Estimated from 
data 
(evaluation and 
independent 
dataset)

bmax P maximum 
accumulation 
curve parameter

0.27 - Estimated from 
data 
(evaluation and 
independent 
dataset)

masecPmax Shoot biomass 
threshold of P 
dilution curve

1 ​ Gagnon et al. 
(2020)

Accumulationcoef Accumulation 
Coef to account 
for P demand 
over the critical 
curve

0.06 - trial-error 
optimisation 
(evaluation 
dataset)

[Proot] Optimal 
phosphorus 
concentration in 
the roots

1.2 g P 
kg− 1

Li et al. (2017)

vitirPho The rate of 
increase PHI vs 
time

0.0077 - linear 
regression from 
data + trial- 
error 
optimisation 
(evaluation 
dataset)

PHIini PHI value at 
beginning of 
grain filling

0.135 - linear 
regression from 
data + trial- 
error 
optimisation 
(evaluation 
dataset)

PHImax Maximum value 
of the PHI

0.9 - Estimated from 
data 
(evaluation 
dataset)

(continued on next page)
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measured observations or from the literature. Few parameters were 
optimized by trial and error. In this work we have considered that the 
plant parameters are species-specific but they could be adapted to cul
tivars if this is justified and possible.

3. Material and methods

3.1. Field trials description

The model was evaluated against observed crop data selected from 
four long-term P field experiments (hereafter referred to as sites; 
Table 2) of the French network on P fertilization experiments (Boniface 
and Trocme, 1988). The sites reflect a diversity of pedological and cli
matic conditions. Decades of different P fertilization rates resulted in 
contrasting soil and plant P contents and plant biomass. All experiments 
had three levels of P annual input as superphosphate ((Ca(H2PO4)2 
2 H2O), 45 % P2O5): a control with no P input (P0) and two levels of P 
input corresponding to either once (P1) or twice (P2) the grain P export. 
The treatments were arranged in a randomized complete block design 
with four replications at all sites. Nitrogen and potassium were homo
geneously applied on the three P fertilization levels, with annual inputs 
of 180–200 kg N ha− 1 and 80–100 kg K ha− 1. Sites one (S1), two (S2), 
and four (S4) were irrigated and the site three (S3) was rainfed. Soils 
were sampled after the P fertilization application to measure the initial 
CP at the beginning of the cropping cycle (Table 2). The Freundlich ki
netic parameters are presented at the end of Table 2. They were deter
mined from sorption/desorption or 32P exchange experiments (Fardeau 
et al., 1991; Schneider and Morel, 2000). Morel et al. (2021) showed 
that E24 h was closely related to crop P status regardless of soils. The 

Table 1 (continued )

Symbols Explanation Value Units Source

stresscoefleaf Leaves growth 
and senescence 
sensitivity to P 
stress

0.4 - trial-error 
optimisation 
(evaluation 
dataset)

stresscoefroots Roots sensitivity 
to P stress 
(adaptation)

0.375 - trial-error 
optimisation 
(evaluation 
dataset)

stresscoefdev Development 
sensitivity to 
phenology

0 (insensitive) - Abiotic stresses 
(e.g Water and 
N) on 
phenology are 
disabled for 
maize crop 
plant file by 
default.

Table 2 
Sites characteristics, soil properties and cropping practices of the four field experiments. Mean values and standard errors are given between parentheses (n = 4).

Site Unit S1 S2 S3 S4

Site location - Caracarés Ste-Croix (40) Mant (40) Thierval-Grignon (78) Saint Félix (16)
Site coordinates - 43◦52’ N, 0◦44’’W 43◦35’ N, 0◦30’’W 48◦50’ N, 1◦56’’E 45◦22’ N, 0◦00’’E
Starting year of experimentation year 1972 1975 1986 1978
Year of simulation year 1995–1998 1991 1998 1998
P fertilization kg P ha− 1 y− 1 P0: 0 

P1: 44 
P2: 96

P0: 0 
P1: 21 
P2: 79

P0: 0 
P1: 26 
P2: 52

P0: 0 
P1: 30 
P2: 45

Cultivar - Volga from 1995 to 1997 
Cecilia in 1998

Cecilia Nobilis Cecilia

Mean annual T◦ ◦C 13.2 13.2 10.9 12.6
Mean annual rainfall mm 590 590 643 786
FAO soil Classification - Luvic Arenosol Luvic Arenosol Luvisol Calcosol
Thickness of the ploughed layer cm 25 28 30 20
Max depth of soil cm > 100 > 100 > 120 ~30
Bulk density of the ploughed layer g/cm3 1.5 1.5 1.3 1.3
Pebbles > 2 mm % of total soil negligible negligible 24 5
Clay g kg− 1 60 (10) 120 (7) 285 (15) 389 (53)
Silt g kg− 1 135 (34) 520 (15) 609 (21) 290 (45
Sand g kg− 1 806 (71) 361 (17) 107 (7) 43 (6)
pHwater - 5.9 (0.2) 7.3 (0.4) 8.1 (0.1) 8.1 (0.1)
CaCO3 g kg− 1 < 2 < 2 18 (7) 268 (21)
C:N ratio - 13.5 9.8 11.5 8.8
Olsen P mg P kg− 1 P0: 22 

P1: 63 
P2: 82

P0: 5.3 
P1: 22 
P2: 68

P0: 5.8 
P1: 34 
P2: 55

P0: 7.4 
P1: 20 
P2: 30

CEC cmol + kg− 1 3.6 (0.7) 5.9 (0.8) 18.2 (1.1) 23.3 (0.3)
Exch K cmol + kg− 1 0.19 (0.01) 0.3 (0.1) 0.7 (0.1) 0.7 (0.2)
Alox mmol kg− 1 22 (4) 44.1(0.4) 56(13) 73(3)
Feox mmol kg− 1 20 (5) 21.1 (0.2) 34 (5) 40 (2)
Freundlich kinetics parameters ​ ​ ​ ​ ​
v - 1.76 5.70 20.7 27.9
w - 0.68 0.70 0.61 0.53
p - 0.38 0.25 0.18 0.23
Cp of the ploughed layer mg P L− 1 P0: 0.47 (0.13) 

P1: 1.97 (0.37) 
P2: 3.36 0.44)

P0: 0.22 (0.06) 
P1: 0.61 (0.19) 
P2: 1.48 (0.66)

P0: 0.07 (0.01) 
P1: 0.48 (0.08) 
P2: 0.90 (0.20)

P0: 0.03 (0.02) 
P1: 0.11 (0.05) 
P2: 0.21 (0.08)

CP of the subsoil mg P L− 1 26–40 cm 
P0: 0.17 (0.03) 
P1: 0.47 (0.07) 
P2: 1.44 (0.15) 
41–60 cm 
P0: 0.22 (0.03) 
P1: 0.09 (0.04) 
P2: 0.04 (0.01)

29–60 cm 
P0: 0.08 (0.01) 
P1: 0.11 (0.04) 
P2: 0.47 (0.14)

31–50 cm 
P0: 0.03 (0.002) 
P1: 0.07 (0.005) 
P2: 0.11 (0.02) 
51–125 cm 
P0: 0.03 (0.003) 
P1: 0.04 (0.003) 
P2: 0.06 (0.02)

20–30 cm 
P0: 0.03 (0.02) 
P1: 0.11 (0.05) 
P2: 0.21 (0.08)

M. Seghouani et al.                                                                                                                                                                                                                             European Journal of Agronomy 164 (2025) 127475 

5 



Freundlich kinetic parameters were considered identical for all the 
treatments and replicates of the same site. We used the CP measured in 
each replicate (block) to simulate the variability of the initial CP be
tween the replicates of each treatment. Accordingly, each simulation 
unit (USM) is specific to the site, treatment, year, and replicate (block). 
We parameterized Freundlich kinetic isotherms and initial CP of the 
subsoil for each layer. up to 60 cm for S1, S2, up to 125 cm for S3 and up 
to the maximum soil depth of 30 cm for S4. For the S1 and S2, which 
have high CP in the ploughed soil layer, we considered only the 60 cm 
because most of the roots are found in these layers and the deeper layers 
do not have much impact on crop P nutrition. We considered the full 
depth of the S3 soil because it is a rainfed site with low CP values in the 
soil. Thus, the contribution of deeper layers to water uptake and P 
nutrition is expected to be more important. The S4 was only charac
terized to 30 cm depth, as this is the maximum depth of the soil. The 
Freundlich kinetic isotherms parameters were considered homogeneous 
in a same site, and when the information on deeper layer sorption was 
not available, we considered it homogeneous over all the soil layers. 
Only the initial CP values (both of the ploughing soil layer and of the 
subsoils) differed between blocks. CP values were measured from soil 
samples collected after fertilizer application. Consequently, the effect of 
fertilization is not simulated explicitly but is accounted for via the initial 
differences of CP values.

We evaluated the model using data from four cropping seasons in S1 
and one cropping season for S2, S3, and S4. Plants were periodically 
sampled during the selected cropping seasons to monitor crop growth 
and P accumulation. Leaf area index (LAI) was also measured in three 
out of the four cropping seasons in S1 as well as in the S3 and S4.

3.2. Model parameterization and simulations

The P modules were coupled with version 10 of STICS (htt 
p://www6.paca.inra.fr/stics/). Soil inputs were obtained from soil an
alyses (Table 1). If not provided in the datasets, hydrological soil pa
rameters (field capacity and wilting point) were obtained using the pedo 
transfer function proposed by Dobarco et al. (2019). Meteorological data 
were provided daily from the nearest meteorological station at each site. 
Mean temperature and cumulated rainfall are presented in Table 1. Crop 
management information including sowing and N fertilization, were 
recorded. Automatic irrigation was run in S1, S2, and S4 to simulate 
optimal water supply and soil was initialized at field capacity. The 
emergence date was forced according to the observed date. The effects of 
nitrogen stress on crop growth were disabled because no nitrogen stress 
was observed during the experiment. Simulated maize cultivars were 
already calibrated in STICS v10. However, some parameters governing 
grain filling required to be parameterized as described in Supplementary 
Materials 2.

3.3. Model evaluation

We evaluated the model both graphically (i.e. visually) and quanti
tatively with statistics by using the CropPlotR package (Vezy et al., 
2023). We performed the quantitative evaluation on both the dynamics 
and the maximum values of the variables (final biomass, grain yield, 
maximum P accumulation, and grain P content) using several statistical 
indicators (Moriasi et al., 2007). The root mean square error (RMSE) was 
used to quantify the mean absolute prediction error of the model. The 
relative root mean square error (rRMSE, i.e. an adimensional RMSE) was 
calculated by scaling residuals to actual values and was used to compare 
a variable across different scales (Guillaume et al., 2011). According to 
Jamieson et al. (1991), an rRMSE greater than 30 % or less than 30, 20, 
and 10 % was considered poor, fair, good, and excellent, respectively. 
The coefficient of determination (R²) was calculated to determine the 
proportion of the variance in the observed data explained by the model. 
The Nash-Sutclife model efficiency (EF), which ranges from -∞ to 1, was 
calculated to quantify the relative size of the residual variance compared 

to the measured data variance. The EF indicates the degree of agreement 
between predicted and observed values. An EF of 1 would be achieved 
by a perfect of model and an EF of 0 is equivalent to the prediction of the 
mean of observations. According to Moriasi et al. (2007), > 0.5, > 0.65, 
and > 0.75 allowed to evidence a model performance rated as to be 
satisfactory, good, or very good, respectively.

4. Results

4.1. Model performance in predicting P accumulation and dry biomass in 
aerial parts and grain

We assessed the model performance in predicting the accumulation 
of P in the aerial parts and grain, as well as the aerial biomass and yield 
(Fig. 2). Overall, the model had an excellent performance in predicting 
the final P accumulation in the aerial parts (Fig. 2.a) with a model ef
ficiency of 0.82 and a good prediction error (rRMSE = 16 %), which is 
equivalent to 6.3 kg P ha− 1. Simulated vs. observed data were homo
geneously distributed around the 1:1 line, showing that there is no 
systematic over- or under-prediction of P accumulation in aerial parts. 
We also found a good correlation between observed and simulated data 
as the model was able to explain 82 % of the observed variability. 
Furthermore, the model was able to simulate the sixfold range of P 
accumulation, as the simulated P accumulation varied from 9.0 to 
61 kg ha− 1. Regarding the prediction of the aerial biomass (Fig. 2.b), the 
model performance was overall satisfactory with an EF of 0.52, a good 
prediction error of 2.2 t ha− 1 (10 %) and a satisfactory correlation be
tween observations and simulations (R² = 0.62). The model predicted 
grain P accumulation well, with a satisfactory EF of 0.6 and a good 
prediction error of 5.7 kg P ha− 1 (rRMSE = 20 %) (Fig. 2.c). The model 
also explained 70 % of the variation in the observed grain P accumu
lation. The evaluation shows that the model simulated the grain yield 
well with a low RMSE of 1.2 t ha− 1 (rRMSE = 11 %) (Fig. 2.d). However, 
the efficiency of the model in predicting the final grain yield is 
borderline (EF = 0.49) and the model explained only 56 % of the grain 
yield variation. This is mainly explained by the small grain yield, which 
only varied by a factor of two (from 7.5 to 16 t ha− 1).

The performance of the model was strongly influenced by the P 
treatments (Table 3). We found that the model performed better in 
simulating P accumulation for the P2 and P1 with good EF (0.78 and 
0.73 respectively) compared to the P0, whose efficiency was satisfactory 
(EF = 0.62). Furthermore, the prediction error (< 20 %) and the cor
relation were good for all P treatments. The model performance in 
simulating crop biomass was also contrasted between P treatments. The 
model predicted the final biomass of P2 and P1 well with an EF of 0.65 
and 0.57, respectively, and an excellent prediction error (< 10 %) and a 
good correlation (R² = 0.79 and 0.76). In contrast, the model prediction 
was less adequate for the P0 treatment, with an EF of − 0.1. However, the 
model simulation remained good with a prediction error of 2.9 t ha− 1 

(14 %). The model had a satisfactory to good prediction error in simu
lating grain P accumulation which was equivalent between P treatments 
(18–20 %). However, the model EF and R² were lower for the P1 
treatment (EF = 0.12, R² = 0.57) because the observations had less 
variation compared to P2 (EF = 0.48, R² = 0.76) and P0 (EF = 0.65, R² =
0.67). We found that the model also performed better in predicting the 
grain yield for the P2 treatment with a satisfactory efficiency of 0.62 and 
a very good prediction error of 8.8 %. Compared to P2, the model per
formance was lower for P1 and P0 with a low EF (<0.5). However, the 
prediction error remains nonetheless good for P1 and P0 with a good 
rRMSE (< 20 %).

When comparing between sites (Table 3), we found that the pre
diction error for simulating aerial P accumulation was better in S1 and 
S2 with respectively a good rRMSE of 14 % and 10 %, respectively, as 
compared to S3 and S4, for which the rRMSE was only satisfactory at 
25 % and 26 %, respectively. The model appeared to predict dry 
biomass accumulation equally well across the 4 sites with good rRMSE 
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(< 20 %). Similar to aerial P accumulation, the model performed better 
in predicting grain P accumulation in S1 and S2 with good rRMSE of 
17 % and 18 %, respectively, compared to S3 and S4 which had only a 
satisfactory rRMSE of 26 and 31 %, respectively. For grain yield, the 
rRMSE was lower in S1 and S2 with an excellent prediction error (<
10 %). The prediction error was still good in S3 and S4 (< 20 %). 
Overall, the model seems to be less effective in explaining the variation 
of all the variables in S3 as compared to the other sites. The R² values 
were lower in S3. This is particularly true for the dry aerial biomass, for 
which the model captured only 12 % and none of the variation, 
respectively. The model was not efficient in predicting all the variables 
at each site.

When comparing each individual combination of site and P treat
ment, we found that in most situations the model had a good prediction 
error for all variables of interest with only few exceptions (see Supple
mentary Materials 3).

4.2. Temporal dynamics of the growth and P accumulation in aerial parts

The model underestimated the early accumulation of P in the aerial 
parts as compared to the observed data (Fig. 3 and the Supplementary 
Materials 4 and 5 for the dynamics of P accumulation and aerial 
biomass, respectively). This is particularly evident in S1 and S2 (Fig. 3a 
and b). The model fitted P accumulation from the middle to the end of 
the growing season depending on the site. Despite the tendency of the 
model to partially underestimate the observed data, it was able to 
adequately reproduce the response of P accumulation in aerial parts 
with increasing P fertilization. The model also simulated a higher vari
ation in P accumulation in S2 and S4 as compared to S1 and S3 for which 
almost no variation was simulated.

The model predicted the temporal increase in the dry biomass of 
maize aerial parts throughout the cropping cycle, except for the P0 
treatment in S3 and S4, for which the dry biomass was overestimated 

Fig. 2. Simulated versus observed values at harvest for (a) phosphorus (P) accumulation and (b) dry biomass in the whole plant aerial parts and (c) P accumulation 
and (d) yield in grains for the three P fertilization treatments (P0, P1, and P2) across the four sites (S1, S2, S3, and S4). Four indicators of the prediction quality 
(RMSE, rRMSE, EF, and R2, see the Section 3.3 for rationale) are given as insert.

Table 3 
Evaluation metrics assessing the quality of simulations (see the Section 3.3 for rationale) as compared to the observations in each P treatment and site for accumulated 
P in the aerial parts, dry biomass accumulation, accumulated P in the grain and grain yield at harvest.

P in the aerial parts kg P ha− 1 Dry aerial biomass t DM ha− 1 P in the grain kg P ha− 1 Grain yield t DM ha− 1

RMSE rRMSE R2 EF RMSE rRMSE R2 EF RMSE rRMSE R2 EF RMSE rRMSE R2 EF

P treatments
P0 5.2 18.9 0.81 0.62 2.9 14.4 0.49 − 0.1 4.4 19.5 0.67 0.65 1.4 14.3 0.74 − 0.02
P1 5.1 12.6 0.73 0.73 1.9 8.3 0.76 0.57 6.5 20.4 0.57 0.12 1.2 10.1 0.59 0.29
P2 8 16.5 0.78 0.74 1.8 7.7 0.79 0.65 6.2 18.3 0.76 0.48 1.1 8.8 0.6 0.62
Sites
S1 6.5 14.4 0.74 0.75 2.4 10.4 0.34 − 0.02 5.5 17.2 0.64 − 0.05 1.1 9.5 0.58 0.02
S2 4.8 10.1 0.75 0.69 2.4 10.3 0.76 − 0.28 7.3 18.0 0.64 − 0.1 1.3 9.4 0.14 0.01
S3 5.5 25.4 0.86 − 0.89 2.3 13.6 0.12 − 2.16 4.8 26.4 0.46 − 0.73 1.0 11.5 0 − 0.1
S4 6.5 26.1 0.68 0.3 3.0 14.7 0.42 − 0.21 6.0 31.0 0.28 0.12 1.9 16.3 0.37 − 0.1
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(Fig. 4). The reduction in dry biomass observed in all sites for the P0 
treatment was adequately reproduced by the model for S1 and S2. 
However, the model tended to neglect or at least underestimate the in
tensity of this reduction in S3 and S4. The model simulated very little 
variations around dry biomass and notably less than the observed dry 
biomass at the four sites.

4.3. Temporal dynamics of the variables used to simulate the stress 
induced by P

The model was able to simulate the feedbacks of P deficiency on crop 
growth (see the Supplementary Materials 6 and 7 for the dynamics of 
LAI and root surface, respectively). In particular, it reproduced the 
overall reduction in LAI growth during the cropping season. The model 
was also able to simulate a clear feedback on root growth, with the 
production of a higher root surface at lower P levels. The simulated 
feedbacks were observed at all sites and were particularly pronounced 
for the P0 treatment.

As a consequence of the simulated feedbacks for both the LAI and the 
relative root surface area, the model simulated for the four sites and 
from the second part of the growing cycle, an increasing leaf-to-root 
ratio with the increasing P treatment, i.e. from P0 to P2 (Fig. 5 and 
the Supplementary Materials 8). Thus, the model simulated a higher root 
development at the expense of leaf development under P stress.

5. Discussion

5.1. Model formalisms are consistent with agronomic knowledge

We have proposed a novel approach to predict P uptake in soil-crop 
models. We followed general guidelines of parsimony as many parts of 
the proposed model were close or analogous to those developed for N 
nutrition in STICS, in particular the use of dilution curves and harvest 
index (Beaudoin et al., 2023). This was done according to the of Probert 
(2004), who argues that models with the same level of complexity be
tween their components perform better. We also considered the speci
ficity of P in both soil and plant.

Since the pioneering work of Jones et al. (1984), which proposed a 
module for predicting soil P dynamics in the EPIC model, modeling of 
the P cycle has been less successful compared to N and carbon modeling 
(Das et al., 2019). This is because models have difficulty in linking soil P 
measurements to the P pool that is readily available to the crop (Das 
et al., 2019). Here, we propose an approach based on the notion of P 
sorption-desorption curve described by a Freundlich isotherm, which 
allows a more mechanistic and robust representation of the soil-P 
physicochemical interactions (Morel et al., 2014, 2021; Ziadi et al., 
2013). Another important difference of our soil P availability formalism, 
compared to other models is its relative simplicity as we consider only 
inorganic P. This choice is supported by the findings of Raguet et al. 
(2023), who showed that over a single cropping cycle the mineralization 
of organic P contributes only marginally to crop P nutrition in temperate 
agroecosystems. Finally, the model requires only a few parameters to 
describe the soil P availability (oP ions), the concentration of ions in the 

Fig. 3. Temporal dynamics all along the cropping cycle of the simulated (lines) and observed (filled circles) phosphorus (P) accumulation in the whole aerial parts of 
maize for the sites a) S1, b) S2, c) S3, and d) S4 and the three P fertilization treatments (P0, P1, and P2). While the site S1 was monitored from 1995 to 1998, only the 
year 1997 is depicted in a) (see SM 4 for the observed and simulated data for the three other years). Shaded areas and error bars stand for standard deviation for 
simulations and observations, respectively. Green and blue dots overlap on some measurement dates.
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soil solution and the Freundlich isotherm parameters. This is an 
advantage as overparameterization has been identified as a major lim
itation in modeling P nutrition (Das et al., 2019).

The proposed model simulates both the diffusive and convective P 
fluxes to the root surface. Thus, crop P uptake is highly dependent on soil 
moisture. This effect well was captured in the model and was clearly 
highlighted in S3, where soil moisture was highly variable because it 
was rainfed. Therefore, such a model would be particularly relevant to 
study the interaction between crop P nutrition and soil water avail
ability. No P uptake limitation by root length unit has been included 
because crop P uptake is thought to be limited by soil P availability 
rather than root uptake capacity (Rengel, 1993).

The major difference from the older nutrient uptake model that we 
have incorporated into the formalism is the consideration of crop P 
demand in computing the effective P uptake. Although determining the 
optimal and maximum P concentration for each developmental stage is a 
common approach in models (Daroub et al., 2003; Dzotsi et al., 2010), 
we preferred to use a more dynamic estimation of the optimal and 
maximum P concentration in the plant by linking it to biomass growth 
according to the dilution curves (Lemaire et al., 2019, 2008). This 
approach has already demonstrated its utility and reliability (Cadot 
et al., 2018; Fontana et al., 2021; Morel et al., 2021). We obtained good 
results using a single dilution curve for three different maize varieties. 
This is in line with the results of Gómez et al. (2019), who found that the 
of the dilution curves are specific parameters and do not vary much 
between cultivars of the same group for potato crop. The effect of spe
cies, cultivar, root age, and plant nutritional status in other major nu
trients (especially N) on P uptake was not considered in our model. 
These effects are rarely considered in nutrient uptake models because 

their consideration would complicate the models too much (Mollier 
et al., 2008), while nutrient uptake models perform reasonably well 
without considering them (Barber, 1995).

The use of phosphorus nutrition index (PNI) on a daily basis allows 
the diagnosis of P shortage periods. This would support the evaluation of 
management practices for P nutrition. We used a simple linear rela
tionship between time and the phosphorus harvest index (PHI) to 
represent the P allocation to the grain. This PHI has been reported to be 
effective in quantifying P allocation to the grain (El Mazlouzi et al., 
2020). The PNI effect on the PHI was added to account for the greater 
remobilization of P when crops are suffering from P deficiency. This is 
due to the fact that the remobilization of P is independent from that of 
biomass (Rodriguez and Goudriaan, 1995).

It is well known that P deficiency mainly leads to a reduced above
ground biomass (Assuero et al., 2004; Plenet et al., 2000; Shi et al., 
2020). We have reproduced this effect through feedbacks on interme
diate variables in accordance with the current knowledge of plant 
physiology. The main simulated effect of P on crop growth is a reduction 
in the leaf area expansion in line with the findings from field experi
ments (Assuero et al., 2004; Plenet et al., 2000; Rodriguez et al., 2000) 
and also an increase in leaf senescence through a reduction of leaf life
span, which has also been reported in crops suffering from P shortage as 
an adaptation mechanism to ensure P remobilization during the grain 
filling stage (El Mazlouzi et al., 2020). Because the STICS model simu
lates biomass production through a radiation use efficiency (RUE) 
approach, we did not simulate a reduction in photosynthesis due to P 
deficiency, unlike other mechanistic approaches. While a severe P 
deficiency reduces photosynthetic activity (Naeem et al., 2010; Shi 
et al., 2020), field experiments show that radiation use efficiency (RUE) 

Fig. 4. Temporal dynamics all along the cropping cycle of the simulated (lines) and observed (filled circles) dry biomass in the whole aerial parts of maize for the 
sites a) S1, b) S2, c) S3, and d) S4 and the three P fertilization treatments (P0, P1, and P2). While the site S1 was monitored from 1995 to 1998, only the year 1997 is 
depicted in a) (see SM 5 for the observed and simulated data for the three other years). Shaded areas and error bars stand for standard deviation for simulations and 
observations, respectively.
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is not affected by soil P levels (Fletcher et al., 2008; Plenet et al., 2000). 
P deficiency is also responsible for multiple adaptations of the root 
system, including changes in root depth, density, architecture and radius 
(Lopez et al., 2023; Niu et al., 2013; Vance et al., 2003). As a result of the 
P shortage feedback, a reduction in the shoot:root ratio is commonly 
reported under field conditions (Malhotra et al., 2018). The model was 
able to simulate the main effect of a P shortage, including the reduction 
in leaf expansion and the increase in the shoot:root ratio. The reduction 
in leaf expansion ultimately leads to a reduction in the root surface area 
due to reduced photosynthesis. This effect has been reported in the 
literature (Mollier and Pellerin, 1999) and it was captured by the model 
without a direct formalization for this effect. Another important emer
gent effect of the model is the reduction of the total P demand of the the 
deficient crop as a result of the decrease in biomass due to feedbacks. 
This response is due to the fact that plant P demand is driven by crop 
biomass production. It is also noteworthy that the model was able to 
simulate clear differences in the main (i.e. biomass and yield) and in
termediate (i.e. LAI and root surface area) variables between but also 
within P treatments, while only the initial soil oP ions availability 
differed between simulation units.

5.2. The P module predicts well the final biomass and P content of maize 
under contrasting soil P availability

The evaluation of the developed model shows a good performance in 
simulating the final P accumulation in the aerial parts and its allocation 
to the grain as well as the final biomass and grain yield. The simulations 
were generally of higher prediction quality at higher levels of P fertil
ization. The model showed contrasting performance between sites. Two 

situations deserve to be highlighted: (i) in the rainfed site (S3), it appears 
that the model overestimated the intensity of water stress on crop 
growth. This would explain the lack of response to P levels and the fact 
that the model underestimated the final biomass even at the highest P 
levels. (ii) In S4, which has a high degree of variability in soil conditions. 
This variability included key parameters such as the proportion of 
pebbles in the soils. We could not account for this variability because we 
did not have access to data on the distribution by plot, and we changed 
values of initial oP ions concentration in the soil solution between 
simulations. As a result, the model was not able to reproduce all of the 
observed variation compared to other sites.

The STICS model has been extensively evaluated under temperate 
conditions. An evaluation of the model on 15 crops across France shows 
that the model has a good prediction of final N uptake (rRMSE = 33 %, 
EF = 0.67) (Coucheney et al., 2015). Older work on maize crops re
ported an even better performance (Brisson et al., 2002). Our work 
suggests that the prediction of plant uptake could be as good for P as for 
N in STICS. However, further validation is needed to assess its robustness 
and genericity. When compared to other dynamic semi-mechanistic 
soil-crop models, we found that our model had good performance in 
predicting final aerial accumulation of P. The DSSAT P module proposed 
by Daroub et al. (2003) shows low performance in predicting P accu
mulation of different crops grown on both calcareous and acidic soils 
(18–107 % rRMSE). The reported rRMSE for maize P uptake was 41 %. 
A more recent version proposed by Dzotsi et al. (2010) was evaluated by 
Amouzou et al. (2018) for maize and sorghum. They reported good 
simulations of P uptake. Similar to our study, they reported a lower 
performance of the model at lower P levels under rainfed conditions.

Our model is based on the modeling work of Mollier et al. (2008), 

Fig. 5. Temporal dynamics all along the cropping cycle of the simulated leaf to root surface ratio (leaf/root) of maize for the sites a) S1, b) S2, c) S3, and d) S4 and 
the three P fertilization treatments (P0, P1, and P2). While the site S1 was monitored from 1995 to 1998, only the year 1997 is depicted in a) (see SM 8 for the 
observed and simulated data for the three other years). Shaded areas stand for standard deviation.
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who used the FUSSIM-P to simulate P uptake and biomass accumulation 
of early stages of maize subjected to three levels of P fertilization. We 
used a similar approach to simulate P availability and uptake. The model 
evaluations of Mollier et al. (2008) on P uptake in early stages of maize 
show similar results to our study with a good overall prediction of all P 
levels (EF > 0.65). Similar to our study, they reported a better simula
tion of high and medium level of P fertilization (EF > 0.9) as compared 
to low level of P fertilization which was underestimated at 336◦ Cd (EF 
= 0.66). Our work thus confirms the fact that the simulation of soil P and 
plant uptake as proposed by Mollier et al. (2008) is robust and performs 
well under temperate and moderate P shortage conditions.

Few works have evaluated soil-crop models for their ability to pre
dict the final P accumulation in the grain. Das et al. (2022) reported low 
variation in the simulation of P allocation to the grain and they found 
unsatisfactory results (EF = 0.36). They suggested that the model 
overestimated P uptake and P allocation from moderately available P 
pools at high levels of P fertilization. They highlighted the need for 
better measurements of soil P availability, and its balance with crop P 
demand as well as a possible omission of feedbacks due to P limitation. 
In contrast, the simulation of N allocation to the grain has been more 
intensively evaluated. In comparison, our model shows good perfor
mance in predicting P allocation to the grain, which that could be 
equivalent to the STICS simulation of the N allocation to the grain.

Our model performed satisfactorily in predicting final grain yield. 
However, the relative error was still small. We can also argue that the 
relatively low EF is explained by the fact that a mean of the observations 
remains a good indicator of grain yield across treatments rather than by 
the fact that the prediction error is high. This is mainly due to the fact 
that there was little variation in observed grain yield between different P 
fertilization levels. These results are in line with literature, as yield 
reduction due to P shortage is reported to be less than the reduction in 
the total aerial biomass (Plenet et al., 2000; Fontana et al., 2021). 
Although the model predicted yield satisfactorily, its sensitivity to the 
initial soil P availability should be improved. Biomass was well pre
dicted with slight overestimation at lower levels of P nutrition.

When compared with other modeling works such as APSIM or 
DSSAT, we found that our performance was similar. For example, Das 
et al. (2022) reported similar Nash-Suttcliff efficiency (EF = 0.46) in 
predicting grain yield of several crops in a 35-years field trial of con
trasting N and P treatments with the APSIM model. They also reported 
an overestimation of yield under greater P shortage. Previous work with 
the APSIM model shows good simulations of biomass. However, they 
found satisfactory results when considering only higher and lower P 
levels (EF = 0.52). The lower efficiency found in the Das et al. (2022)
study as compared to other APSIM work may be due to N-P 
co-limitations that make the response more complex and unaddressed 
factors such as pests and diseases. Work done with the DSSAT model on 
maize, peanuts and sorghum shows that the model performed well in 
predicting biomass and yield under contrasting P inputs. Accounting for 
P stress improved the performance of the DSSAT model (Dzotsi et al., 
2010; Naab et al., 2015; Halder et al., 2017; Amouzou et al., 2018). 
Similar to our results, the FUSSIM-P model performed better at high and 
medium levels of P fertilization (EF) compared to low level of P fertil
ization (EF). However, our model overestimated the biomass of P0 while 
the FUSSIM-P model underestimated it (Mollier et al., 2008). They 
explained this underestimation mainly by an overestimation of P stress 
due to the lack of mechanisms that may be more important for P 
nutrition under P limitation. While we also neglected these mechanisms, 
we overestimated the final biomass of P0. These may be due to an un
derestimation of the feedback on biomass growth as compared to the 
more direct C:P equilibrium represented in FUSSIM-P model.

Overall, the model had good performance for predicting all variables 
of interest. It had a performance that was at least equal to most of the 
reported evaluations of soil-crop model dealing with P accumulation 
and P feedback to crop growth. We also found that the module was well 
implemented in the STICS model, as it had a performance in predicting 

final P uptake that was at least equal to the performance of STICS model 
in predicting N uptake. It is also noteworthy that our work complements 
the work of Mollier et al. (2008) with the FUSSIM-P model by extending 
it to the whole cropping season. Furthermore, we highlight the fact that 
we obtained good results with a minimal calibration of the model, as 
most of the parameters were determined by measurements, literature, or 
by using a trial-error optimization for empirical parameters as compared 
to recent modeling work that relies mostly on mathematical optimiza
tion (Kherif et al., 2022; Ravelojaona et al., 2023). We believe that the 
model performance could be improved by using mathematical optimi
zation of the parameters, as suggested in the literature (Wallach et al., 
2014).

5.3. Limitations of the model and future paths of improvement

Despite the overall good performance of the model we developed, 
the simulation results show two contradictory issues. The first issue is 
related to the underestimation of the LAI temporal dynamics. The sec
ond issue is related to the final prediction of aerial biomass and grain 
yield. While the model had good prediction error over all P treatments, 
the performance decreased with soil P availability. Consequently the 
model tends to overestimate the final aerial biomass and grain yield of P 
despite a clear underestimation of LAI. With the current formalization, it 
is noteworthy that solving the first issue would exacerbate the second. In 
fact, parameterizing the model to increase plant P uptake at the begin
ning of the crop cycle would lead to a decrease in the feedback due to P 
shortage and, ultimately, to a further overestimation of the final plant 
aerial biomass in low P availability.

One of the main way to improve the model is to improve the root 
representation in the crop model. Despite the fact that we have 
formalized a feedback on root growth, the implemented formalisms do 
not allow to reflect all root adaptation strategies to P shortage, such as 
the changes in spatial configurations or the contrasting effects on pri
mary and secondary roots (Niu et al., 2013; Vance et al., 2003; Jia et al., 
2018).

A simple representation of the root system is sufficient to simulate N 
and water uptake (Coucheney et al., 2015). However, for a better 
simulation of the P uptake during the cycle, a more detailed represen
tation of the root system may be required. Further improvement of these 
aspects of crop adaptation to P stress is limited by the 1D representation 
of the root-soil system. This issue has been highlighted in the literature, 
as it interferes not only with good P uptake but also with the simulation 
of certain agronomic practices such as banded P fertilization (Naab 
et al., 2015). However, there is still room for improvement. For example, 
the FUSSIM-P model which simulates a carbon allocation equilibrium 
between shoot and root showed a better simulation of P accumulation at 
the beginning of the crop cycle as compared to STICS model, which 
computes roots based on shoot growth, but without a proper simulation 
of carbon allocation with a source-sink relationship (Beaudoin et al., 
2023). This is due to the fact that when the crop is limited by P, the 
growth of the crop leaves simulated by FUSSIM-P model is reduced and 
so is their demand for assimilates. Consequently, a larger fraction of 
assimilates is allocated to the roots (Mollier et al., 2008). This behavior 
is consistent with commonly reported crop adaptation mechanisms that 
allow relatively more carbon allocation to roots when subjected to P 
shortage (Vance et al., 2003). Such improvements in STICS model would 
allow simulation of a faster root establishment, and thus correct, at least 
in part, the underestimation of P at the beginning of the crop cycle. 
Furthermore, it would help to solve the two aforementioned issues, as it 
would also reduce the final aerial biomass by allocating more carbon to 
roots. Therefore, a better simulation of the roots would allow for a better 
representation of the C:P stoichiometry of the crop. This would be 
considered as a more intense feedback on the final aerial biomass, which 
would allow to reduce the intensity of the P shortage feedbacks on LAI, 
thus improving its simulation.

Other mechanisms involved in P nutrition that are not considered in 
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the model are the rhizospheric mechanisms such as proton and phos
phatase release by plant roots (George et al., 2011; Hinsinger, 2001; 
Vance et al., 2003). Some of these mechanisms may even be involved in 
C:P equilibrium because they involve carbon investment. This is the case 
of mycorrhizal association, which increases soil exploration and con
tributes to P solubilization (Balemi and Negisho, 2012), and organic 
anion exudation, which increases P mobility (Hinsinger, 2001; Malhotra 
et al., 2018; Vance et al., 2003). This later involves a high carbon 
especially for citrate and malate, which can account for up to 20 % of 
carbon assimilates (Pueyo et al., 2021; Vance et al., 2003). All these 
considerations led to the good predictions of final P uptake in maize that 
we obtained under all contrasting P treatments to moderate this state
ment. However, we validated the STICS-P model against experimental 
data obtained under a relatively high level of soil P availability and 
consequently a moderate level of plant P shortage. Model performance 
therefore needs to be evaluated under more extreme P shortage condi
tions, such as those found in the acid soils of Sub-Saharian Africa (van 
der Velde et al., 2014).

In the current study, no effect of N on P nutrition was considered. The 
model formalisms follow a strict law of the minimum when considering 
N-P co-limitation. Field evidence shows that N nutrition affects P 
nutrition (Dotaniya and Meena, 2015), such as changes in the P dilution 
curve (Bélanger et al., 2015; Bélanger and Ziadi, 2008; Ziadi et al., 
2007). In a recent review, we showed that in most cases (i.e., 84 % of the 
fertilization field experiments), the crop responds to N-P co-limitation 
by following the multiple limitation hypothesis (MLH) rather than the 
law of the minimum (LM) which is however the law considered by most 
crop models. Future work should evaluate the ability of the model to 
simulate situations of N-P co-limitations using real data sets, with for
malisms that consider either the usual LM or the MLH.

6. Conclusion

The aim of this work was to extend the STICS soil crop model to 
simulate P uptake and its feedback on plant growth. We make a first 
evaluation of the model for maize under temperate conditions. The 
evaluations showed good performance of the model in predicting final P 
accumulation and partitioning in the grain as well as final biomass and 
yield over a range of soil P availability. The fact that such results were 
obtained with a formalization that neglects many mechanisms, such as 
organic P mineralization and rhizospheric processes, supports the hy
pothesis that these mechanisms do not play a major role in plant P 
nutrition under the conditions. We have also shown that a good simu
lation of P uptake is highly dependent on a good simulation of soil water 
status. In order to ensure a good simulation of P accumulation dynamics, 
special attention must be paid to the simulation of root development and 
its response to soil P availability especially at the beginning of the crop 
cycle. The model needs to be evaluated for other crop species and under 
other experimental conditions to assess both its robustness and its 
genericity. These experimental conditions should include soils with 
higher sorption capacity and lower soil P availability, greater water 
shortage and N-P co-limitation.
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Gómez, M.I., Magnitskiy, S., Rodríguez, L.E., 2019. Critical dilution curves for nitrogen, 
phosphorus, and potassium in potato group andigenum. Agron. J. 111, 419–427. 
https://doi.org/10.2134/agronj2018.05.0357.

Guillaume, S., Bergez, J.-E., Wallach, D., Justes, E., 2011. Methodological comparison of 
calibration procedures for durum wheat parameters in the STICS model. Eur. J. 
Agron. 35, 115–126. https://doi.org/10.1016/j.eja.2011.05.003.

Halder, D., Panda, R.K., Srivastava, R.K., Kheroar, S., 2017. Evaluation of the CROPGRO- 
Peanut model in simulating appropriate sowing date and phosphorus fertilizer 
application rate for peanut in a subtropical region of eastern India. Crop J. 5, 
317–325. https://doi.org/10.1016/j.cj.2017.02.005.

Hinsinger, P., 2001. Bioavailability of soil inorganic P in the rhizosphere as affected by 
root-induced chemical changes: a review. Plant Soil 237, 173–195. https://doi.org/ 
10.1023/A:1013351617532.

Hinsinger, P., Brauman, A., Devau, N., Gérard, F., Jourdan, C., Laclau, J.-P., Le Cadre, E., 
Jaillard, B., Plassard, C., 2011. Acquisition of phosphorus and other poorly mobile 
nutrients by roots. Where do plant nutrition models fail? Plant Soil 348, 29–61. 
https://doi.org/10.1007/s11104-011-0903-y.

Jamieson, P.D., Porter, J.R., Wilson, D.R., 1991. A test of the computer simulation model 
ARCWHEAT1 on wheat crops grown in New Zealand. Field Crops Res.,27 337–350. 
https://doi.org/10.1016/0378-4290(91)90040-3.

Jia, X., Liu, P., Lynch, J.P., 2018. Greater lateral root branching density in maize 
improves phosphorus acquisition from low phosphorus soil. J. Exp. Bot. 69, 
4961–4970.

Jones, C.A., Cole, C.V., Sharpley, A.N., Williams, J.R., 1984. A simplified soil and plant 
phosphorus model: I. Documentation. Soil Sci. Soc. Am. J. 48, 800–805. https://doi. 
org/10.2136/sssaj1984.03615995004800040020x.

Jones, J.W., Antle, J.M., Basso, B., Boote, K.J., Conant, R.T., Foster, I., Godfray, H.C.J., 
Herrero, M., Howitt, R.E., Janssen, S., Keating, B.A., Munoz-Carpena, R., Porter, C. 

H., Rosenzweig, C., Wheeler, T.R., 2017. Brief history of agricultural systems 
modeling. Agric. Syst. 155, 240–254. https://doi.org/10.1016/j.agsy.2016.05.014.

Kherif, O., Seghouani, M., Justes, E., Plaza-Bonilla, D., Bouhenache, A., Zemmouri, B., 
Dokukin, P., Latati, M., 2022. The first calibration and evaluation of the STICS soil- 
crop model on chickpea-based intercropping system under Mediterranean 
conditions. Eur. J. Agron. 133, 126449. https://doi.org/10.1016/j.eja.2021.126449.

Lemaire, G., Jeuffroy, M.-H., Gastal, F., 2008. Diagnosis tool for plant and crop N status 
in vegetative stage. Eur. J. Agron. 28, 614–624. https://doi.org/10.1016/j. 
eja.2008.01.005.

Lemaire, G., Sinclair, T., Sadras, V., Bélanger, G., 2019. Allometric approach to crop 
nutrition and implications for crop diagnosis and phenotyping. A review. Agron. 
Sustain. Dev. 39, 27. https://doi.org/10.1007/s13593-019-0570-6.

Lewis, D.R., McGechan, M.B., 2002. A Review of Field Scale Phosphorus Dynamics 
Models. Biosyst. Eng. 82, 359–380. https://doi.org/10.1006/bioe.2002.0102.

Li, H., Mollier, A., Ziadi, N., Shi, Y., Parent, L.-É., Morel, C., 2017. The long-term effects 
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