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Abstract

Increasing soil organic carbon (SOC) is widely recognized as a key pathway for climate
change mitigation and enhancing soil ecosystem services, but additional carbon farming
practices can lead to additional GHG emissions. We propose a process-based SOC module,
AresC model, integrated into an agronomic DSS already in use to monitor SOC while
optimizing crop management practices and GHG emissions. AresC model estimates SOC
dynamics simulating the effects of management practices, including soil tillage, under
Mediterranean climatic conditions. The integrated DSS-SOC model is tested in four case
studies including arable crops and orchards under different conditions, with a focus on
arid Mediterranean areas. The AresC model showed good agreement with the measured
values in all conditions with no significant bias or root mean square errors, and Spearman
correlation factors very close to 1. A global sensitivity analysis showed that carbon inputs
are the dominant driver of SOC. Finally, compared to the RothC model, AresC showed
better performance under drier conditions, and no significant differences were observed
between the two models in humid conditions. This study, therefore, demonstrates the
potential in agricultural carbon accounting applications of the newly developed AresC
model integrated into an agronomic DSS to optimize crop management while properly
simulating SOC dynamics.

Keywords: soil carbon modelling; climate change mitigation; model integration; soil carbon
sequestration; cropping management; decision support system

1. Introduction
Sustainable development planning in agricultural landscapes should incorporate

carbon farming practices [1,2], since an increase in soil organic carbon (SOC) not only
reduces atmospheric levels of CO2 [3] but also enhances many soil ecosystem services [4–6].
The potential to increase SOC in agricultural soils is especially high in Mediterranean areas
and arid ecosystems [6]; however, different practices have varying efficacies depending on
the agronomic context in which they are introduced (soil type, weather conditions, type
of production, etc. [7]). Moreover, the use of these practices may lead to an increase in
field operations, thus resulting in an increase in total GHG emissions [8], and may also
affect overall agricultural yields [9]. To support farmers and policymakers in selecting the
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most suitable practices to integrate in their activities for balanced crop production, climate
change mitigation and sustainability, a decision support system that integrates agronomic
management advice with a dynamic SOC model may be a viable option [10].

Agronomic DSSes are computer-based information systems designed to provide farm-
level advice for the optimization of production and minimization of environmental im-
pacts [11,12]. They analyze large volumes of data using databases, mathematical equations
and models, with the aim of simplifying the decision-making process [13] for the user.
They consist of multiple interlinked models that represent the ecosystem and have been
widely tested and vetted for carbon accounting purposes [14]. The models used in the
DSSes can either be data driven or process-based. In the first instance, the DSS makes
statistical inference from large numbers of observations or datasets to identify practices
that have worked and performed well in similar conditions in the past. In the second case,
the DSS uses field-specific inputs together with biological, physics and chemical models
to estimate the response of the system (soil and crop) to certain practices [15]. While a
process-based DSS may have its challenges [15], its structure makes it straightforward
to include a process-based SOC model, thus helping to evaluate the effects of a certain
agricultural practice on yields, GHG emissions and SOC stock all at once.

Process-based SOC models simulate the incorporation of organic matter into the soil,
its decomposition and degradation and the eventual formation of CO2, which is then
released from the soil through respiration [16]. As such, SOC models assess both the
changes in SOC stock and CO2 emission from the soil. The SOC is simulated as different
pools, differentiated by their degradation rates, which can be modified by soil conditions
(soil temperature, soil water content, etc.), plant coverage, type of biomass added to the
soil, and soil characteristics (e.g., clay content; [17]). Existing SOC models differ in the
level of detail they represent, the definition of the SOC pools, and the equations used
to simulate the organic matter degradation [16]. RothC [18], Century [19], and the SOC
module in APSIM [20] are examples of widely used SOC models. RothC and Century
are used as examples by FAO for modelling carbon dynamics in soils [21,22]. RothC is a
very simple model, with a bulk soil model (no subdivision in different soil layers) and no
module to simulate the growth of vegetation and the resulting carbon input. Century is a
more complex model, taking into account soil layers, leaching, other nutrients, modules
for the growth of the vegetation, etc. RothC’s simplicity and flexibility make it a suitable
model for developing a SOC module to be integrated into a DSS. RothC was included
in the FullCAM a calculation tool for modelling Australia’s greenhouse gas emissions
from the land sector [23] (as discussed in the accompanying article “A tool for Carbon
Farming combining Soil Organic Carbon modelling and Agricultural Decision Support
Systems: adapting the RothC model to simulate DSS informed agricultural practices in a
Mediterranean climate”).

Examples of DSSs that are already incorporating SOC models include: APSIM, DSSAT,
COMET-Farm and FullCAM [24–28]. These DSSs can be used to estimate the changes in
SOC and GHG emissions depending on the ecological conditions simulated. With the
exception of COMET-Farm, none of these DSSs emphasizes the link between cropping
management and climate change mitigation [14,24,25,28,29]. COMET-Farm was specifically
designed to help both policy makers and farmers simulate agricultural land management
practices; however, it is very data demanding, and its application is limited by its reliance
on USDA national inventories and surveys to estimate soil and crop management [30].
Similarly, FullCAM integrates Australian databases in its structure [31]. Integrated systems
estimating SOC directly embedded within a DSS for the simultaneous optimization of
sustainability and agronomic production exist only in the USA. Such a system is lacking in
Europe due to fragmented governance and soil databases, which is especially problematic
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for semi-arid and Mediterranean regions where soils are depleted in SOC. Additionally,
no customizable tool exists for different end-users (farmers, supply chains, policy makers).
This integration has the potential to enable carbon accounting without compromising
food production.

To address these gaps, we propose a process-based SOC module called AresC, built for
integration into an agronomic DSS already in use for the estimation of GHG emissions and
optimization of agronomic productivity. The objectives of this study were to (a) develop
the AresC model for integration into the agronomic DSS to additionally estimate SOC;
(b) validate the integrated DSS-SOC model in four long-term case studies to test its ability
to represent different climatic conditions and agricultural systems, with a focus on arid
Mediterranean areas; and (c) compare the performance of the AresC model against the
widely used RothC model.

This study first presents AresC and the agronomic DSS into which it was integrated.
We then describe the four case studies considered and explain the simulation setup. Finally,
we show the comparison between observed data with simulations generated by agronomic
DSS and AresC against RothC (version 26.3 [18]).

2. Materials and Methods
2.1. DSS-SOC Model Integration Framework
2.1.1. The Agronomic DSS

The system presented here is a decision support system, or DSS, for managing agri-
cultural fields. It is based on the private infrastructure of Horta S.r.l. presented by Rossi
et al. in 2010 [11] and available at the web page https://www.horta-srl.it/en/ (accessed on
27 May 2026). The DSS collects data from various sources, processes it using mathematical
equations and provides management advice and reports, as shown in the flow chart in
Figure 1. Data inputs cover aspects such as weather, soil, crops, and activities undertaken
in the field. These are sourced from sensors such as weather stations and soil sensors, soil
analysis, satellite maps, and users, who report on field description and management history.
This information is stored in databases and standardized to make it compactible with dif-
ferent applications. The databases include standard GHG emission factors, plant biomass
allocation, plant stress response and nutrient management, and soil hydraulic properties.
They serve as input sources for mathematical models designed to optimize agronomic and
sustainable performance with minimum material inputs. These models consider factors
such as nutrition, plant diseases, insect pressure, irrigation, crop phenology, and yield. By
consulting crop-specific agronomic recommendations during the cropping season, users
take informed actions and update the list of operations carried out in the field.

At the end of the agronomic season, the DSS provides performance indicators in the
form of lists, charts, or reports. Some of these indicators reflect the environmental impact
of the specific crop management applied. The sustainability indicators are produced using
a LCA (Life Cycle Assessment) approach “from cradle to field gate”, so that all materials
and energy used on field are accounted from the production of raw materials to the
delivery of the final agronomic product to the next step in the food value chain (storage or
processor). These indicators comply with the standards ISO 14040 [32], ISO 14067 [33] and
EPD standards. The assessment includes different impact endpoints, such as biodiversity,
air pollution, and human health. A PEF indicator called “Climate Change” [34,35] provides
insights on the agronomic carbon cycle, estimating CO2 equivalent emissions from all
inputs or outputs. The AresC model, described below in Section 2.1.2, was integrated into
the DSS to improve reporting on ecosystem services and GHG emissions. Soil organic
carbon (SOC) sequestration is estimated using the AresC balance, while soil CO2 emissions
are derived from AresC simulation of soil heterotrophic respiration (see Figure 1). Daily
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SOC from AresC is also used to update the soil organic matter parameter in the database,
which is widely used by other models in the DSS.

Figure 1. Data flow involved in the decision support system (DSS, light blue box), where the AresC
model is integrated. The reporting outputs of the DSS are shown in light orange, while the field data
used as inputs are in light green. The AresC model is then expanded in Figure 2.

Figure 2. Representation of carbon (C) fluxes in agricultural soils in the AresC model (blue box in
Figure 1). The C pools are the light orange boxes, while the CO2 emissions are in the orange balloons.
The turnover rates of the C pools are modified by factors estimated by the DSS: soil water content,
soil temperature, live soil coverage and soil disturbance (see Figure 1).

2.1.2. The AresC Model

The AresC model is a process-based model that simulates daily SOC dynamics in agri-
cultural soils. It estimates both daily SOC content and CO2 emissions in non-waterlogged
soil. The modelled SOC is divided into 4 pools that degrade at different turnover rates,
with first-degree kinetics. The amount of C that decomposes from any pool in one day i
(Yi) follows the exponential decay function in Equation (1):

Yi = Yi−1 (1 − e −a b c ST k (1/365)) (1)

where Yi−1 is the initial amount of C; a, b and c are the factors that modify the degradation
speed according to soil temperature, soil water content and soil live coverage, respectively;
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ST is the modifying factor for the soil tillage; k is the turnover rate of the pool; and
1/365 stands for the daily timestep.

The carbon pools from faster to slower degradation rate are called Fast litter, Fast
SOC, Slow litter, and Slow SOC, respectively with a residence time of 0.1, 1.5, 3.3 and
20 years. Carbon (C) flux among the pools is shown in Figure 2. Organic matter inputs to
the soil come from plant biomass or organic amendments and fertilizers. They are defined
from user-recorded data such as field operations, crop yields and applied fertilizers. The
aboveground and belowground biomass of plants is determined using allometric equations
that incorporate harvest index and shoot:root ratio [28,36–41]. All plant biomass is assumed
to have a carbon content of 45% [36,42].

C inputs from plants are divided between the two litter pools according to their affinity
for degradation, which is linked to the C:N ratio of the material. Woody plant material is
mostly allocated to the Slow litter pool, while leafy plant material is mostly allocated to the
Fast litter pool. Organic fertilizers are more advanced in the degradation process than plant
biomass. Hence, the C from organic fertilizers is allocated to Fast litter, Slow litter and,
depending on the percentage of humified matter, Slow SOC. The RothC model allocates
the farmyard manure in a similar way [18], and Mondini et al. improved significantly
its simulations by allocating all exogenous organic matter (i.e., organic amendments and
fertilizers) to the stable pool using the humified content [43]. In AresC, the humified matter
content is set as 2% of the quantity of organic matter in fertilizers, like in RothC farmyard
manure, or it is updated with data from specific labels or chemical analysis.

The C in the litter pools moves to Fast SOC and Slow SOC pools, which are the stable
pools. Here, carbon can shift to the other stable pool, or it can remain in the initial pool. At
every C turnover from any pool, a fraction undergoes mineralization, and CO2 gaseous
emissions are produced based on the soil clay content. These CO2 emissions are at the basis
of SOC dynamics modelling [18,44,45]. The sum of CO2 emissions from all pools in one
timestep accounts for daily soil respiration or heterogenic respiration. The quantity of C in
all pools at each timestep forms the daily SOC.

The C turnover rate of a pool (k in Equation (1)) determines its degradation speed.
Modifications to the turnover rates are determined by the agronomic management through
the effects of soil water content, soil temperature, live soil coverage and soil disturbance, as
shown in Figure 1.

Estimates of soil water content are based on the crop-specific water balance model
included in the DSS, a bucket model as in FAO Irrigation and Drainage Paper No. 56 [46].
The water balance model includes the effect of crop development, proximity to the ground-
water table, irrigation, soil characteristics, and weather conditions. The water content is
driven by precipitation and soil potential evaporation calculated using hourly weather data.
The parameters for soil water transfer are calculated using Van Genuchten formulation [47].
Thanks to the soil being allowed to dry up until the capillary water content, the water
balance model includes drought effects on plants and soil. Soil temperature is estimated
from air temperature, measured hourly at 2 m height, applying an analytical function to
estimate the heat transfer from air to soil in wet soil, as in Bittelli et al. 2015 [48].

AresC considers the effect of soil coverage (e.g., by cover crops) and soil tillage
operations. Plant soil coverage accounts for root priming that can affect microbial activity
when live roots are present in soil. The factor for live soil coverage indicates if the soil is
vegetated or bare, as modelled in RothC [18]. The effect of soil tillage is a combination of
the depth reached by the soil disturbance, which is an indicator of the tillage intensity, and
the mean air temperature. These two factors have been identified as the main drivers of the
effect of soil tillage on SOC degradation [49,50]. Soil tillage in AresC is modelled as a linear
function to simplify processes. The tillage factor reaches its maximum magnitude on the
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day of the operation and decreases within a 30-day period. If there is more than one tillage
event within this period, the higher effect is predominant, since mixing the soil layer that
has already been tilled has no effect.

The soil tillage effect and the degradation rates of the pools were calibrated using SOC
and GHG emission datasets from an 8-year long trial in Ravenna (Italy). Only two of the
eight experimental plots were included in the calibration, while the remaining six were
used for model testing. The calibration and the initial model testing are described in the
accompanying paper, which is under publication: “A tool for Carbon Farming combining
Soil Organic Carbon modelling and Agricultural Decision Support Systems: adapting the
RothC model to simulate DSS informed agricultural practices in a Mediterranean climate”.

Table 1 compares the AresC model with some of the most used SOC models: RothC,
the SOC module in APSIM, and Century. The AresC and RothC models represent only the
SOC dynamics, while the SOC calculations in APSIM and in Century are performed by
modules embedded in complex systems that represent the whole agroecosystem. AresC is
integrated into an agricultural DSS for the optimization of agricultural productions, like
APSIM and Century. Moreover, the AresC and APSIM simulations have a daily timestep,
while the RothC and Century models have a monthly timestep. The modelled soil includes
only a single layer in both the AresC and RothC models, while five and two layers or more
are included in the APSIM and Century models, respectively. Consequently, the AresC
and RothC models generally require a lower amount of data compared to the APSIM and
Century models.

Table 1. Comparison between the AresC model and other widely used SOC models: RothC, APSIM
and Century.

AresC RothC APSIM Century

Type of model SOC only SOC only Agroecosystem Agroecosystem
Existing integration

with agricultural DSS Yes No Yes Yes (COMET-Farm)

Timestep Daily Monthly Daily Monthly
Soil layers 1 1 5+ 2+

Data requirements Low Low High High
n◦ of pools 4 5 3 5

Soil water content FAO bucket model
[46]

Simplified bucket
model

SoilWat bucket
model on different

soil layers [51]

Bucket models on
different soil layers

Simulates water table Yes No No No

Soil temperature Heat transfer [48] Air temperature Heat transfer [52,53] Soil surface
temperature [54]

Soil tillage effect Yes No Yes Yes
Adapted to semi-arid

conditions Yes No Yes Yes

SOC dynamics in the AresC model are represented using four pools, which is within
average compared to five pools in the RothC and Century models and three pools in the AP-
SIM model. A high number of pools can increase equifinality issues in SOC estimation [36].
The soil water content is estimated using bucket models. For the AresC model, it is run
within the DSS and it follows FAO guidelines, accounting also for the water table level and
capillary rise. The water balance in RothC is simpler, while in both APSIM SoilWat [51]
and Century the bucket model is divided into different soil layers. The soil temperature in
both the AresC and APSIM models is estimated through simplified heat transfer equations,
while in the RothC and Century models the air temperature and soil surface temperature,
respectively, are used without elaboration. In all models, the SOC dynamics include the
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soil tillage effect, except for RothC. AresC was explicitly adapted to represent semi-arid
conditions, while APSIM and Century account for them implicitly, having been developed
to represent Australian and Southwest USA climatic conditions.

2.2. Case Studies

The integration of the AresC model into the agronomic DSS was tested and evaluated
using four long-term studies from the literature, from six distinct sites, as shown in Table 2
and in Figure 3. We selected studies with long term datasets of SOC (3 years minimum,
at least 3 SOC measurements, see Table 2) where the use of a certain practice (cover crop,
intercropping, mulching) is tested against a control plot. We also included studies with
both arable crops and orchards. The sites selected were: Foggia and Ravenna, Italy [55–57],
Nyíregyháza, Hungary [58,59], Lutzville, South Africa [60–62], and Valencia, Spain [63,64].
Foggia and Ravenna were chosen to test model calibration, as described in the accom-
panying article “A tool for Carbon Farming combining Soil Organic Carbon modelling
and Agricultural Decision Support Systems: adapting the RothC model to simulate DSS
informed agricultural practices in a Mediterranean climate”. The two plots in Ravenna
used for the calibration were excluded to ensure an independent validation. Nyíregyháza,
Lutzville, and Valencia were chosen because they represent a range of climates, spanning
from continental to arid climates, and have orchards and arable crops. All cover crops
included in the experiments serve as green manure, and the resulting biomass is a C input
into the soil.

 
Figure 3. Map of the case studies used for the validation of the AresC model. Critical information
shown in Table 2 is included: site name, climate, type of crop, soil clay content, and duration of
the experiment.
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Table 2. Description of the datasets used for the case studies simulations.

Site Coordinates Crop Treatments
Annual
Rainfall

(mm)

Mean T
(◦C)

Aridity
Index Climate USDA Soil

Texture

WRB Soil
Taxonomy and

Properties

Years of
Experiment/

Replicates n◦

Obs. n◦/Soil
Depth (cm) Ref.

Foggia,
Italy

41◦29′27′′ N,
15◦30′14′′ E

Arable crops:
Barley, wheat,

sunflower in CCS,
with additional
lentil and cover

crops in ECS

Efficient Cropping
System (ECS) with

cover crops, legumes
and DSS use and

Conventional
Cropping System

(CCS)

554 16.9 0.42 Cold
semi-arid

Silty clay
loam

Vertisol
Clay 38%

OC 2%
BD 1.1 g cm−3

8/4 7/
0–30 [55–57]

Ravenna,
Italy

44◦29′15′′ N,
12◦10′44′′ E

Arable crops:
Pea, wheat,

tomato, wheat,
soy in ECS, or
corn, wheat,

tomato, wheat in
CCS

Efficient Cropping
System (ECS) with

cover crops, legumes
and DSS use and

Conventional
Cropping System

(CCS)

659 14.3 0.71 Humid
sub-tropical

Silty clay
loam

Cambisol
Clay 29%
OC 1.4%

BD 1.1 g cm−3

8/3 7/
0–30 [55–57]

Nyíregyháza,
Hungary

47◦58′35′′ N,
21◦41′50′′ E

Arable crops:
Triticale, oat,
maize and 4
cover crops

4 rotations (R1, R2,
R3, R4) with

unfertilized control,
fertilized control, and

green manures

562 11.9 0.70 Continental Sand

Arenosols
Clay 10%
OC 0.85%

BD 1.4 g cm−3

4/6 7, 6 **/
0–30 [58,59]

Lutzville,
South
Africa

31◦34′60′′ S,
18◦52′0′′ E

Orchard:
Vineyard with 8

cover crop
species and
control with
weeds in the

interrow

Full surface chemical
control before bud

break (BB), full
surface chemical

control at the end of
November (AB)

139 18.1 0.09
Semi-arid
Mediter-
ranean

Sand

Cambisol
Clay 0.01%
OC 0.13%

BD 1.3 g cm−3

10/7 3/
0–30 [60–62]

Valencia
(Paiporta),

Spain

39◦25′2′′ N,
0◦25′4′′ W

Orchard:
Citrus

Inter-row with bare
soil (PB) or inter-row

with straw mulch
(PM)

1004 18.9 0.50

Semi-arid hot
summer
Mediter-
ranean

Clay loam

Cambisol
Clay 36%
OC 0.83%

BD 1.6 g cm−3

3/1 11/
0–20 [63,64]

Valencia
(Sueca),
Spain

39◦12′36′′ N,
0◦18′23′′ W

Orchard:
Citrus

Inter-row with bare
soil (SB) or inter-row

with straw mulch
(SM)

1004 18.9 0.50

Semi-arid hot
summer
Mediter-
ranean

Silty clay
loam

Fluvisol
Clay 32%
OC 1.13%

BD 1.4 g cm−3

3/1 11/
0–20 [63,64]

** Nyíregyháza dataset include 7 soil samplings per treatment, except for R4 which include 6.
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2.2.1. Ravenna and Foggia, Italy [55–57]

The AresC model was tested in two locations in Italy: Foggia (41◦29′27′′ N,
15◦30′14′′ E) and Ravenna (44◦29′15′′ N, 12◦10′44′′ E). According to the Koppen–Geiger
classification, the climate in Foggia is cold semi-arid [65]. The soil is classified as Vertisol
under both WRB and USDA methodologies [66,67], with mainly silty clay loam texture. In
Ravenna the climate is humid sub-tropical [68], and the soil is classified as Cambisol under
WRB [65] or Inceptisol under USDA [67] with a silty clay loam texture.

The dataset includes 8 years (2018 to 2025) of experiment and compares two man-
agement systems with local intensive crop rotations. ECS treatments (Efficient Cropping
System) apply agronomic advice from the DSS and include cover crops and N-fixing crops
into the rotations, while CCS treatments (Conventional Cropping System) are managed
by local farmers and practices. In every site, four ECS plots are alternated with four CCS
plots, each 1 ha wide. Direct observations are available from comprehensive soil samplings,
weather stations and crop samplings. Further trial description is in the accompanying paper
under publication “A tool for Carbon Farming combining Soil Organic Carbon modelling
and Agricultural Decision Support Systems: adapting the RothC model to simulate DSS
informed agricultural practices in a Mediterranean climate”. In this paper, the SOC results
from observations and simulations are averaged according to the management to detect
the differences between ECS and CCS.

2.2.2. Nyíregyháza, Hungary [58,59]

The Hungarian experiment is located in Nyíregyháza (47◦58′35′′ N, 21◦41′50′′ E) at
the Research Institute of Nyíregyháza Institutes for Agricultural Research and Educational
Farm of the University of Debrecen. According to Koppen–Geiger weather classifica-
tion [68], the climate is continental with hot summers and increasingly frequent summer
drought periods due to climate change. The soil is humic sand, classified as Arenosol under
WRB [66] and Entisol under USDA [67]. The experiment studied the impact of cover crops
in a crop rotation system typical of Hungary, and the dataset spans four cropping seasons,
from 2019 to 2023. The experiment included four rotations (R1 to R4) with common crops
found in Hungary’s productive areas: triticale, oats, and maize. Additional soil coverage
was implemented with four cover crop treatments: white lupine (Lupinus albus), common
vetch (Vicia sativa), oil radish (Raphanus sativus convar. oleiferus), and buckwheat (Fagopy-
rum esculentum). The biomass of the cover crops was incorporated into the soil during the
autumn period.

Control treatments were mineral-fertilized and unfertilized, without cover crop appli-
cation. Direct observations were available from soil sampling, daily weather data, and the
commercial yield or dry matter production of the cover crops. Each of the six treatments
was simulated in all four rotations, and the resulting SOC was averaged according to
the rotation.

2.2.3. Lutzville, South Africa [60–62]

The Lutzville experiment took place from 1993 to 2002 in the Olifant River Valley,
South Africa (31◦34′60′′ S, 18◦52′0′′ E). The area has a semi-arid climate, according to
Koppen–Geiger classification [68], and sandy soil classified as Cambisol under WRB [66] or
Inceptisol under USDA [67]. The experiment monitored the effects of cover crop species and
management practices on the soil of a Sauvignon Blanc/Ramsey vineyard. The cover crops
used were Vicia dasycarpa Ten. (grazing vetch), Medicago truncatula Gaertn (“Parabinga”
medic), Avena sativa L. (“Overberg” oats), Medicago truncatula Gaertn (“Paraggio” medic),
Avena strigosa L. (“Saia” oats), Ornithopus sativus L. (pink Seradella), and Secale cereale L.
(rye). The cover crops were terminated every year using chemical control in September (BB
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management) or in November, skipping years 1995, 1997 and 1999 (AB management). This
study includes seven BB and seven AB treatments, for a total of fourteen treatments. We
excluded mechanical control due to limited replications and datasets.

Direct observations of SOC [61] and dry matter production [60] of the cover crops were
used as model inputs. Since rainfall and irrigation data were only available for the growing
season, and there were no available weather stations in the area, we used meteorological
data from Copernicus Climate Change Service [69]. The SOC resulting from the fourteen
treatments was averaged according to the management applied (BB and AB) and according
to the cover crop species.

2.2.4. Valencia, Spain [63,64]

The experiments in Valencia, Spain, are located within a 30 km radius in two citrus or-
chards, in Paiporta (P, 39◦25′2′′ N, 0◦25′4′′ W) and in Sueca (S, 39◦12′36′′ N,
0◦18′23′′ W). According to Koppen–Geiger classification [67], the climate is semi-arid
hot summer Mediterranean. In Paiporta, the soil is classified as Typic Calcixerept under
USDA [67] or Cambisol under WRB [66] with a clay loam texture, and in Sueca, it is
classified as Oxyaquic Xerofluvent under USDA [67] or Fluvisol under WRB [66] with
a silty clay loam texture. From 2019 to 2022, two plots at each site were covered with
straw mulch (M), and two plots were left with bare soil as a control (B). The inputs for the
simulations are the same as those used for the RothC simulations published in the dataset
by Visconti et al. [64].

2.3. Setup of the AresC Simulations

Inputs for the AresC model and the DSS, including the soil water balance, were
defined using data from soil samplings, weather station datasets, and crop samplings.
The minimum weather inputs were precipitation and air temperature. The minimal soil
data requirements include USDA texture, organic matter content, bulk density, and coarse
fraction. For the crops, C inputs to soil are estimated with the allometric equations described
in Section 2.1.2, using at minimum the crop species, dry weight of the yield, and an
indication of the cover crop growth level.

All minimum information required by the DSS and the AresC model was available
for the Foggia, Ravenna and Nyíregyháza sites. Dry weights of crop residues were also
available for all experiments. In Ravenna and Foggia, biomass production and their C
content were directly measured from crop samples. For the Lutzville case study, soil bulk
density for the 0–30 cm soil layer, soil coarse fraction and weather trends were missing (only
total water dosage was available for the growing season). These gaps were filled using the
accredited ISRIC SOTER dataset [70] and Copernicus Climate Change Service [69]. For the
Valencia case study, all inputs, including soil water content and C inputs, were obtained
from RothC simulations, and no further data elaboration was required.

The simulations have been initialized using spin up runs to determine the relative
relevance of each carbon pool. The initial SOC in the simulation was adjusted using the
first measurement of SOC in the modelled study plot [63,71]. In Lutzville, the initial SOC
corresponded without any adjustment. SOC data was converted to tC ha−1 using bulk
density. The simulations considered the same soil layer of the soil samplings, which was
0–30 cm for all simulations, apart from the Valencia case study, where soil was sampled in
a 0–20 cm soil layer.

AresC and RothC [18] simulations were run using the same inputs for both models,
in each treatment–site combination. Once the model inputs had been defined, they were
converted from daily to monthly, since the timestep is daily in AresC and monthly in RothC.
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The Supplementary Materials contain detailed data on soil and leafy C inputs used in
all simulations.

2.4. Statistical Analysis

Since one of the objectives of this study is to test the ability of the AresC model
to represent the effects of different cropping managements, SOC datasets are averaged
according to the agronomic managements, as explained above. The exception is the Valencia
experiment, where replicates of the management in the same field are not available.

We tested the ability of AresC and RothC models to represent the observed SOC using
the root mean square error (RMSE) in percentage [72]. This statistic highlights the relative
difference between observed and predicted values, weighted as a percentage of the mean
value of observed data. The smaller the difference between observed and simulated values,
the closer the value is to zero.

The simulations were grouped together and analyzed using the following statistics:

• Model efficiency, EF [72], was estimated for each site, in order to increase the degrees
of freedom and the robustness of the analysis. EF ranges from 1 to minus infinite.
Positive values indicate that the model better estimates the trend in the measured
values than the average of all observations. Negative values mean that the average of
all observations is a better estimate of the trend.

• Mean difference, MD [72], represents the bias of the model compared to the observa-
tions and can show over- or underestimation if positive or negative, respectively. MD
is equal to zero when the observed and predicted values correspond.

• Relative error, E [72], is the preferred bias measurement when replicates are available.
• Normalized mean square error, NMSE [42], is similar to RMSE, but the normaliza-

tion is added to compare different levels of soil C. This value is unbiased towards
overestimation or underestimation.

• Spearman rank correlation, rs [42], is an non-parametric measure of the correlation
between two sets of variables (in this case observed and predicted), including non-
linear associations. The maximum rs value is 1, indicating full positive correlations,
and minimum value is −1, indicating full negative correlation. The worst value for a
model is 0, indicating no correlation.

• Student’s t-test is used to determine whether the RMSE and the bias (MD and E)
are significant [72].

MD was applied to the Valencian site only since replications of SOC measurements are
not available in the literature. In all other cases, we used E. We also compared the quality
of AresC and RothC estimates, dividing the dataset into two groups, orchards and arable
crops, and applying MD, E, NMSE, and rs. Since the SOC on the first soil observation was
used to initialize the model, it was discarded from all statistical analysis.

Finally, we conducted a global sensitivity analysis on the AresC model to understand
the effects of input variability on the variance of the results. A Monte Carlo simulation
(10,000 simulations) was used to calculate the first-order variance-based Sensitivity In-
dices [73]. More information is included in Appendix A.

3. Results and Discussion
SOC observations and simulations of the AresC and RothC models are shown in Fig-

ures 4–6. Results from the statistical analysis are shown in Tables 3–5. The Supplementary
Materials contain the comprehensive dataset of measured SOC with the relative standard
deviation, and the simulated SOC of the Lutzville site averaged for the cover crop applied.
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Figure 4. Soil C observations with standard deviation and AresC (yellow) and RothC (pink) predic-
tions: ECS (a) and CCS (b) at Foggia site; ECS (c) and CCS (d) at Ravenna site.

Figure 5. Soil C observations with standard deviation and AresC (yellow) and RothC (pink) predic-
tions: rotations 1 (a), 2 (b), 3 (c) and 4 (d) at Nyíregyháza site.
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Figure 6. Soil C observations with standard deviation and AresC (yellow) and RothC (pink) predic-
tions: BB (a) and AB (b) management at Lutzville; PM (c), PB (d), SM (e) and SB (f) at Valencia site.

Table 3. Values of RMSE (%), EF, E (%) and MD (tC ha−1) for every treatment in the sites with arable
crops. Values outside the brackets refer to the AresC model simulations, while values in the brackets
refer to the RothC model simulations.

Site Treatment RMSE EF Bias (E) Bias (MD)

Foggia
All site 6.6 (9.0) 0.1 (−0.7) 2.7 (5.1)

ECS 3.2 (4.7)
CCS 6.2 (8.3)

Ravenna
All site 10.0 (13.4) 0.3 (−0.3) 1.5 (3.3)

ECS 5.0 (7.5)
CCS 11.0 (13.1)

Nyíregyháza

All site 12.9 (13.2) 0.6 (0.6) 1.5 (3)
R1 6.9 (6.4)
R2 10.3 (10.5)
R3 9.6 (10.4)
R4 12.2 (13.0)
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Table 4. Values of RMSE (%), EF, E (%) and MD (tC ha−1) for every treatment in the orchard sites.
Values outside the brackets refer to the AresC model simulations, while values in the brackets refer to
the RothC model simulations.

Site Treatment RMSE EF Bias (E) Bias (MD)

Lutzville

All sites 26.0 (30.8) 0.2 (−0.1) 6.3 (14.7)
AB 10.1 (19.9)
BB 3.5 (10.0)

Grazing vetch 22.8 (29.4)
Overberg oats 10.8 (17.6)

Parabinga medic 10.3 (15.2)
Paraggio medic 5.8 (9.4)
Pink Seradella 4.7 (12.7)

Rye 9.3 (11.0)
Saia oats 6.4 (6.1)

Valencia

All site 11.0 (13.7) 2 × 10−2 (−0.5) ** −1.2 (2.5 1)
PM 15.4 (18.0)
PB 9.9 (15.6)
SM 10.4 (8.6)
SB 7.9 (13.6)

1 Significant bias; ** Relative error not determined for lack of replications.

Table 5. Values of E (%) and MD (tC ha−1), NMSE and rs for the sites grouped as orchards, arable
crops and all sites. Values outside the brackets refer to the AresC model simulations, while values in
the brackets refer to the RothC model simulations.

Site Group Bias (E) Bias (MD) NMSE (10−2) rs, Spearman

All sites 2.9 (7.9) 0.2 (1.2) 1.3 (1.6) 0.9990 (0.9988)
Orchard sites ** −0.5 (1.8) 2.2 (2.1) 0.9991 (0.9986)

Arable crop sites 1.9 (3.8) 0.4 (1.0) 1.2 (1.5) 0.9982 (0.9978)
** Relative error not determined for lack of replications.

3.1. Comparison Between AresC and Observations

In Foggia site (Italy), the measured SOC trend is stable (Figure 4a,b). The changes
over the 8-year period are 1.26 tC ha−1 in ECS and 0.08 tC ha−1 in CCS. The AresC model
estimates follow the SOC trend in the observations. RMSE values shown in Table 3 are small,
3.2% and 6.2% in ECS and CCS respectively, and not significant according to Student’s
t-test. In the Ravenna site (Italy, Figure 4c,d), SOC was mostly stable, with a slight decrease
in the last two observations. The AresC model followed the observed trend, including the
slight decrease in SOC in the last two years. Only the last measurement in CCS in Ravenna
is clearly out of the observed standard deviation. Over the 8-year period, the observed SOC
decreased by −2.11 tC ha−1 in ECS and −6.95 tC ha−1 in CCS, compared to −1.38 tC ha−1

and −2.04 tC ha−1, respectively, estimated by AresC. RMSE values are small, 5.0% and
11.0% respectively, and not significant.

Considering both Italian sites, EF shows that AresC simulations are a better SOC
estimation than the average of all measures, with a slight overestimation indicated by the
relative error E (2.7% in Foggia and 1.5% in Ravenna), which is not significant. Overall,
RMSE in the Foggia plots (6.6%) is smaller compared to Ravenna (10.0%). We expected
a better fit in Ravenna, since the calibration used for AresC’s soil dynamics was done on
datasets from the Ravenna experiment (as mentioned above in Sections 2.1.2 and 2.2.1);
nevertheless, both bias and RMSE are not statistically significant.

At the Nyíregyháza (Hungary) site, all measured SOC, shown in Figure 5, highlights
an increase during the 4-year period that reaches the highest in rotation 4 with a +8 tC ha−1,
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and the lowest in rotation 1 with a more stable trend. Overall, AresC estimates follow the
measured trend, but they overestimate SOC in the last soil sampling in rotation 1 and 3,
while it underestimates SOC in rotations 2 and 4. In rotation 4, observations show a clearly
increasing trend that could not be simulated. However, RMSE values remain minimal
(Table 3), ranging from 6.9% in rotation 1 to 12.2% in rotation 4, and small bias (1.5%). Both
RMSE and bias are not statistically significant. EF is positive (0.3).

At Lutzville (South Africa, Figure 6a,b), the SOC observations show minor changes
over the ten-year period, corresponding to an additional 2.35 tC ha−1 and 2.70 tC ha−1 in
BB and AB, respectively. The AresC model follows this trend, showing low RMSE values of
3.5% and 10.1% in BB and AB respectively (Table 4), which are not statistically significant.
The AresC model detects the effect of cover crop species, since the simulation follows
the observed trend in Figure S1. The SOC measured in grazing vetch plots increased by
3.95 tC ha−1 over ten years, which is the highest compared to the other cover crop species.
It is also about double the simulated amount, i.e., 1.85 tC ha−1. Nevertheless, this increase
is not reflected in the biomass input (average of the yearly dry weight), which is below
average at 2.29 t ha−1 for BB grazing vetch and 2.09 t ha−1 for AB grazing vetch compared
to 2.41 t ha−1 for all cover crops. Uncontrolled factors could be involved.

The RMSE values are higher for cover crop average simulations compared to manage-
ment average, ranging from 4.7% for pink Seradella to 22.8% for grazing vetch. However,
none of the RMSE values are significant. The RMSE in percentage corresponds to minimal
absolute values compared to the other case studies. Lutzville sandy soils are very poor in
organic matter. The initial SOC in 1993 was only 4.43 tC ha−1 on average. The simulation
overestimated SOC, with a bias of 6.3%, also not significant. Moreover, soil sampling in
Lutzville consisted of three measurements for each of the 14 treatments, over the 10-year
period. Since the first measurement was discarded in this statistical analysis, the dataset
used in each plot included only two measurements for each treatment. This could seriously
limit the study, affecting the detectability of SOC trends in this experiment despite the long
period. To address this, we used averaged data that included seven replications each for
BB and AB management and two replications each for cover crop species.

In the Paiporta and Sueca case studies (Figure 6c–f), the observed SOC increased in
every plot during the three years under study. SOC in bare soil (PB, SB) had a stable growth,
with a total change of 7.45 tC ha−1 and 6.47 tC ha−1 in PB and SB, respectively. The mulch
plots (PM, SM) were more variable, with a dip in the last months, with a SOC change of
2.61 tC ha−1 and 3.01 tC ha−1 in PM and SM, respectively. In detail, the observations in PM
show a peak in January 2021 followed by a decrease. AresC simulations show the increase
in SOC, without detecting the measured peaks and dips. It overestimates the change in
SOC over the three-year period, except in PB, where the estimated SOC changed by 2.86 tC
ha−1. This inconsistency is mainly caused by the estimation of the C input as a continuous
input every month in the original study. Overall, the AresC simulations follow the observed
trends. RMSE (Table 4) varies from 7.9% to 15.4% in SB and PM respectively, and MD shows
an underestimation (−1.2 tC ha−1). However, both statistics are not significant according
to Student’s t test. EF is slightly above zero (2 × 10−2), showing high model efficiency. The
period included in the Valencia SOC dataset is three years, which is a short period to have
a detectable variation of SOC. However, the datasets include 11 SOC observations, which
are an adequate density to capture the temporal variability within the 3-year window.

In all case studies shown in Tables 3 and 4, EF values are positive, showing that the
predicted values are better estimations of the measured trend compared to the average
of all observations. EF values are higher in sites where a trend is clearly shown, like in
the Hungary case study, while lower values are in case studies where the SOC trend was
unclear, like in Valencia. This is due to the mathematical calculation of EF; when SOC does
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not show any trend in time, the mean of SOC observations is a better estimate with respect
to when SOC does show a clear trend. Taking all sites into consideration (Table 5), AresC
does not show any significant bias, even though MD values show a slight underestimation
in orchards, and overestimation in arable crops. RMSE values were also found to be not
significant. NMSE is low, and rs is very close to 1, with changes at the third or fourth digits,
indicating a strong correlation between predicted and observed.

Overall, the AresC model has a good agreement with the measured values in both
arable crops and orchards, and dry and humid climates. According to RMSE values,
the worst performance was at the South African site, which presents a much smaller
SOC magnitude, and the best performance is at the Foggia site. The AresC model was
calibrated and tested mainly under Mediterranean conditions. Therefore, its applicability
to different conditions, such as humid or tropical conditions, may be limited and require
further investigation.

3.2. Global Sensitivity Analysis

A global sensitivity analysis was conducted using Monte Carlo simulation, with
the calculation of the first-order variance-based Sensitivity Indices from 50-year-long
simulations and 10-year-long simulations (Appendix A). Both time horizons show that
SOC variations are most sensitive to the C input to soil, particularly woody type inputs,
which explain 26% of the variations for 50-year-long simulations and 39% of the variation
for 10-year-long simulations. It is followed by leafy C inputs (15% and 18% at 50 years
and 10 years, respectively) and soil temperature (21% and 14% at 50 years and 10 years,
respectively). The AresC model is also sensitive to the clay content (12% and 9% at
50 years and 10 years, respectively) and to the soil water content (7% and 6% at 50 years
and 10 years, respectively). The soil cover parameter and the initial SOC have negligible
effects on the SOC change. In general, with the longer time horizon, the sensitivity to the C
inputs decreases, while the sensitivity to the soil conditions increases.

The sensitivity analysis confirms that the AresC model is robust across the range of
tested conditions, with the total explained variation of 85%. C inputs are the dominant
driver of SOC dynamics, consistent with the structure of process-based SOC models.
The low sensitivity to the initial SOC suggests that uncertainties in this input will not
significantly affect model predictions.

According to the sensitivity analysis, the greatest uncertainty in the estimation of
model inputs comes from woody C inputs, which were absent in the case studies analyzed
here. Model results are also sensitive to soil temperature, clay percentage and soil water
content. The heat transfer model used, as shown in a similar application in APSIM, is
conducive to better estimates than simply using air temperature, as in RothC. Clay content
was directly measured in the case studies, with multiple samples taken over the study areas
to characterize soil texture. Soil water balance was estimated using FAO guidelines [46],
and often calibrated using direct measurements (in Ravenna, Foggia and Valencia).

Leafy C input is a high sensitivity factor, and it is estimated using direct measurements
of dry matter production of the crops in the case studies. At the Ravenna, Foggia and
Nyíregyháza sites, multiple dry matter samples were taken in each plot, and the average
normalized variance was estimated as 29%. The C content of the dry matter was also
measured (in Ravenna and Foggia), and its average normalized variance was 32%. At
the Lutzville site, dry matter production was sampled without replicates. Therefore, the
variance of the dry matter production was estimated for the whole 10-year period for each
crop, resulting in a normalized variance of 47%. This estimate for the Lutzville site should
be interpreted as an upper, conservative estimate, since dry matter productivity changed
year by year depending on weather conditions. At the Valencia site, it is not possible to
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estimate the uncertainty of the leafy C inputs, since these were obtained using data from
Mota et al., 2011 [74]. Further analysis is required to determine the model uncertainty
in detail.

3.3. Comparison Between AresC and RothC

At the Foggia site, RothC simulated lower SOC compared to both AresC and the
observations (Figure 4a,b), leading to higher RMSE values for RothC with respect to AresC
(9.0% and 6.6%, respectively, Table 3). Conversely, at the Ravenna site (Figure 4c,d), RothC
simulated higher SOC than the observations and AresC, leading to higher RMSE with
respect to AresC (13.4% and 10.0% in RothC and AresC, respectively). In Nyíregyháza
(Figure 5a–d, Table 3), RothC outputs are similar to AresC outputs, but RMSE values are
slightly higher (13.2% and 12.9%, respectively). In this case, AresC simulations are slightly
improving the SOC estimations, but they do not bring a clear upgrade. At the Lutzville
site (Figure 6a,b, Table 4), RothC underestimated the SOC 10-year trend. RMSE values
are consistently higher than AresC values, with overall values of 30.8% and 26.0% for
RothC and AresC, respectively. The only exception is Saia oats, where RMSE values
remain very similar (6.1% and 6.4% in RothC and AresC, respectively). At the Paiporta
and Sueca sites (Figure 6c–f, Table 4), RothC underestimates the observed increasing
trend, estimating C losses in PB and SB. RMSE values are generally higher than AresC
(13.7% and 11.0% in RothC and AresC, respectively), except for SM (8.6% and 10.4% in
RothC and AresC, respectively).

RothC simulations show negative EF in all cases, with the worst case in Foggia (−0.7).
The only exception is in Nyíregyháza, where both models show EF values of 0.6. RothC
and AresC perform very similarly in continental conditions. In drier conditions, RothC
simulations are not a better estimation of the average of all measurements, and AresC
brings some improvements. Both MD and E values show a higher positive bias for RothC
compared to the AresC model at all sites. Furthermore, the bias was statistically significant
only in Paiporta and Sueca for the RothC simulations. In the grouped evaluations (Table 5),
NMSE values are higher for the RothC model compared to AresC considering all sites
and arable crop sites. The comparison is inversed considering only orchard sites, where
the difference is minimal (2.1 × 10−2 and 2.2 × 10−2 for RothC and AresC, respectively).
The Spearman correlation coefficient is very close to 1 for both model simulations, with
differences seen only at the third decimal number, and showing slightly higher values
in AresC simulations (0.9990 and 0.9988 for AresC and RothC, respectively). Both AresC
and RothC simulations show a high correlation with the observations, as expected. The
calculation of the coefficient is unaffected by the initial SOC value, since the first soil
analysis was excluded from the evaluation, and the AresC simulations are insensitive to
the variation of the initial SOC. However, the high Spearman correlation coefficients could
reflect the generally smooth SOC trends in both simulations and observations. In general,
the SOC datasets show low temporal variability and a relatively clear trend over time. This
is particularly evident when there are only two data, as in the Lutzville case study. The
Spearman coefficient returns high values for monotonic trends.

Overall, AresC and RothC follow the observed trends similarly. In terms of total
RMSE, bias (E and MD), and EF, the biggest differences between the models are shown
for the Italian sites and for the Valencian sites, where the climate is drier, as we expected.
AresC performs better than RothC in Mediterranean conditions. At sites further from
the calibration conditions, AresC behaved similarly to the RothC model. All NMSE and
MD values are in favor of the AresC model. Considering all datasets, the AresC model
integrated with the DSS performs like RothC and enhances its performance in drier sites.
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4. Conclusions
AresC is a process-based model of soil organic carbon (SOC) dynamics designed for

integration into agronomic decision support systems (DSSes). It estimates the effects of
sustainable agricultural management practices on SOC, while the DSS optimizes agronomic
yield and greenhouse gas (GHG) emissions. The AresC model was calibrated using a
long-term experiment in Italy and was adapted to drier conditions. In this study, the model
was tested using four long-term experiments under different soil and climate conditions
covering arable crops and orchards in dry and continental climates.

The results demonstrate the strong performance of the AresC model; the simulated
SOC trends are similar to the observed. Root mean square errors and bias values are not
significant. The simulated SOC is always better than the average of all observations, and
the Spearman factor shows almost perfect correlation between simulated and observed.
Compared to the widely used and validated RothC model, AresC shows better performance
in orchards and arable crops under drier conditions, which are close to the calibration
conditions for the AresC model. Moreover, no significant differences are observed between
the two models in humid conditions and in South Africa. Further testing is needed to
evaluate AresC’s ability to estimate SOC and CO2 emissions under more diverse conditions,
such as humid and continental climates.

Because the AresC model provides information on SOC sequestration and emissions
(i.e., soil respiration), it can support the assessment of agricultural ecosystem services
and GHG emissions within the DSS. In addition, the soil organic matter modelling in-
cluded in AresC can be extended to include other soil dynamics and processes, such as
nitrogen transformations.

The AresC model has demonstrated its ability of representing the effects of various
sustainable agricultural management practices, including carbon farming practices. This
makes it well suited for agricultural carbon accounting applications. However, accredited
carbon accounting standards, such as the Verra’s Verified Carbon Standard, still require
case-by-case validation before widespread adoption. By incorporating SOC dynamics into
the DSS, the system expands its functionalities for end-users while enabling experts to
balance agricultural production and sustainability goals.
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Appendix A
Sensitivity Analysis

We conducted a global sensitivity analysis on the AresC model to understand the
effects of input variability on the variance of the results. More specifically, we considered
the variability of seven input variables: the carbon input from leafy and woody materials,
the soil water content (SWC), the soil temperature, the percentage of the clay fraction in the
soil, the soil coverage (two possible conditions: bare and covered) and the initial conditions
(the SOC at time zero). The sensitivity analysis was conducted on the change in SOC
predicted by the model at two time intervals: 10 and 50 years. We decided to test two time
intervals to study both long- and short-term effects on SOC.

The global sensitivity analysis was conducted with a Monte Carlo simulation
(10,000 simulations) to calculate the first-order variance-based Sensitivity Indices, calcu-
lated following Saltelli et al. 2008 [73]. The results of the sensitivity analysis are shown
in Table A1.

Table A1. Sensitivity Indices calculated for the input variables in 50 years and in 10 years.

Period of the
Delta SOC

Woody C
Input

Leafy
C Input

Soil
Temperature SWC Soil Cover

Parameter
Clay

Percentage Initial SOC

50 y
simulation 0.264 0.152 0.205 0.072 0.017 0.115 0.000

10 y
simulation 0.390 0.184 0.142 0.060 0.013 0.088 0.000

The SOC change is mostly sensitive to woody C input, especially after 10 years; the
model is also sensitive to leafy C input and soil temperature, even though their combined
effect is smaller than that of woody C input. The percentage of clay in soil appears also to
be relevant, while the model is only slightly sensitive to SWC. The soil cover parameter
and initial SOC have negligible effects on the SOC changes after 10 years of simulation.

The sensitivity of the model is only slightly different when considering 50 years of
simulation: the woody C input has still the most relevant effect on the SOC change; however,
the soil temperature is a close second. The leafy C input is the third most relevant variable,
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followed by the percentage of clay and by the SWC. The soil cover parameter and the
initial SOC have negligible effects. In general, when the simulation is longer, the sensitivity
to the C input variable decreases, and the sensitivity to the soil condition variables (soil
temperature, SWC and clay percentage) increases.

Finally, the sum of the variance explained by the first-order index is always around
85% of the total variance, showing some, but limited, combined effects of the input variable.
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