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A B S T R A C T

The MARS Crop Yield Forecasting System combines process-based crop model outputs, satellite vegetation in
dicators and gridded meteorological data within an analyst-guided statistical modelling approach. In May, a 
critical stage of wheat development, MARS publishes its 3rst forecast based on observed data. While 10-day 
weather forecasts are often considered at the analyst’s discretion, our study goes further by quantitatively 
incorporating four-week forecasts. To evaluate their added value, we introduce a new framework, 
MARS+Forecast, which extends MARS yield predictions using ECMWF four-week temperature and precipitation 
forecasts following the MARS publication date. This framework employs a data-driven yield model for 24 EU 
countries and is assessed for the harvest years 2007–2024. When assuming a perfect four-week weather forecast 
based on reanalysis data (MARS+Perfect), MARS forecasts would theoretically be improved in 16 countries, 
covering 60% of EU wheat area and 55% of wheat production. When adding an actual four-week forecast to 
MARS (MARS+Forecast), MARS forecasts were modestly improved in 8 countries, representing 39% of wheat 
area and 31% of wheat production. Extreme yield losses, such as in France in 2016 or Germany in 2018, are not 
captured by our model, because of the relatively short training datasets with a limited number of extreme years. 
MARS+Forecast extends the MARS system in May with a four-week weather forecast and demonstrates a novel 
approach with moderate improvement of the current operational MARS system. More training data, more ac
curate MARS predictions and improved four-week weather forecasts are needed for future improvements.

1. Introduction

Crop yield variability is projected to increase under climate change 
with serious risks for food security (Rosenzweig et al., 2014). To miti
gate the consequences of crop failures, public institutions closely 
monitor yields. In the European Union, this task is carried out by the 
Monitoring Agricultural Resources (MARS) Crop Yield Forecasting 
System, which provides monthly updates and outlooks for major sum
mer and winter crops across EU member states and neighboring coun
tries (van der Velde et al., 2019). The primary stakeholder of MARS 
forecasts is the European Commission's Directorate-General for 

Agriculture and Rural Development (DG AGRI) to support agricultural 
policy decisions. Additionally, MARS forecasts contribute to the GEO
GLAM Agricultural Market Information System (AMIS), which provides 
global market intelligence on wheat, maize, rice, and soybeans. Beyond 
these institutional uses, MARS forecasts are publicly available and uti
lized by a wide range of stakeholders across industries. Among the crops 
monitored, winter wheat plays a particularly central role. With an 
annual EU production of 120–130 million tonnes, of which 20–30 
million tonnes are exported (FAOStat, 2023), DG AGRI is interested in 
timely yield forecasts to create the agricultural balance sheet, guide 
export licensing, stabilize commodity markets and support food security 
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in wheat-importing countries (van der Velde et al., 2019). Across the EU 
countries, winter wheat is typically sown in late autumn and harvested 
between June and early August. Early in the season (January-April), 
MARS yield forecasts rely mainly on historical yield trends or moving 
averages, as current-season crop conditions have yet to establish a clear 
inKuence. From May onward, when wheat reaches Kowering and the 
reproductive stages, in-season information about growth conditions is 
explicitly incorporated. At this phenological phase, wheat has little ca
pacity to recover from stress, so any adverse conditions directly reduce 
grain formation and 3nal yields, making May a critical turning point for 
forecast accuracy. Nonetheless, the crop is still developing across Europe 
at this time, and yield outcomes remain uncertain. MARS forecasts are 
generated from a combination of process-based crop model outputs, 
weather observations, and remote sensing indicators, which are inte
grated into a statistical framework and evaluated by country analysts 
(van der Velde et al., 2019). 10-day weather forecasts from the European 
Centre for Medium-Range Weather Forecasts (ECMWF) are provided to 
the analysts, but their use and interpretation are left to the analysts' 
judgment and may range from no consideration to partial subjective 
inclusion in the 3nal yield forecast (van der Velde et al., 2019). Whether 
and how forecasts are considered depends on the analyst's assessment of 
soil conditions or mitigation strategies. For example, an analyst may 
refrain from lowering a yield outlook if 10-day forecasts indicate a relief 
from an ongoing drought. However, this approach lacks a standardized 
mechanism for systematically incorporating weather forecast informa
tion across countries and crops. Weather forecasts are produced by the 
ECMWF at three horizons: medium-range (up to 15 days), subseasonal 
(up to 46 days) and seasonal (up to 13 months). Seasonal climate models 
are designed to capture slow-moving weather drivers, which shape 
climate at monthly to seasonal scales. Their skill over Europe, however, 
typically vanishes beyond one month (ECMWF, 2024). Subseasonal 
models, by contrast, target lead times of up to 6 weeks and exploit 
different sources of predictability that are relevant for weather patterns 
on these shorter time scales. Given our interest in four-week horizons, 
the natural choice was to rely on subseasonal forecasts. Importantly, in 
May wheat across much of the EU begins its reproductive phase, a 
critical growth stage when stress directly affects grain formation and 
yield potential. At this point, even one additional month of reliable 
weather information can be decisive for anticipating yield variability. 
Building on this opportunity, our study introduces a framework, 
MARS+Forecast, that investigates how subseasonal weather forecasts 
can improve MARS yield forecasts without replacing them. Since MARS 
already integrates a wide range of information (historical trends, crop 
model outputs such as biomass indicators, remote sensing and weather 
observations), our aim is not to overwrite these forecasts but to adjust 
them based on forthcoming weather conditions. We therefore adopt a 
stacked regression approach: historic residuals from MARS forecasts (i.e. 
errors computed with 3nal yield published by EUROSTAT) are modeled 
using a Gaussian Process Regression (GPR), with the expectation that 
part of these residuals has a systematic component explainable by future 
weather conditions. Estimated residuals are then added back to the 
original MARS forecast to generate an adjusted yield forecast. As input 
features to MARS+Forecast, we use the MARS May forecast, four-week 
outlooks of temperature and precipitation and the Standardized Pre
cipitation Evapotranspiration Index (SPEI) for the two months preceding 
the forecast. The SPEI provides context by indicating whether projected 
weather is likely to mitigate or exacerbate ongoing stress (e.g., emerging 
drought) (Santini et al., 2022). To evaluate our approach, we trained, 
validated and tested the model for 24 EU countries over the period 
2007–2024 using nested cross-validation. This allowed us to assess to 
what extent subseasonal forecasts can reduce structural errors in MARS 
predictions and enhance the reliability of EU wheat yield estimates.

2. Materials and methods

2.1. Yield data, MARS forecasts and study area

MARS relies on an integrated approach that combines outputs from a 
process-based crop model with vegetation indices derived from remote 
sensing and meteorological data. These inputs feed into a statistical 
model and the resulting forecasts are further reviewed by country ana
lysts. Notably, forecasted weather data is not yet included in the quan
titative MARS workKow. For this study, we extracted all available 
historical MARS forecasts from the system’s archive (MARS, 2026), 
covering monthly national wheat yield forecasts from 2007 to 2024. The 
EU member states Croatia, Malta and Cyprus were excluded: Croatia 
joined the EU only in 2013 and therefore lacked a complete forecast 
record, while Malta and Cyprus have negligible wheat cultivation and 
are not covered by the MARS system. Hence, homogeneous data was 
available for the forecast months from May to July and for 24 EU 
countries. The 3nal study area is shown in Fig. 1a. Across this study area, 
wheat harvest occurs between late June and early August. This study 
concentrates on forecasts issued in May with four-week outlooks to
wards the beginning or middle of June. This period is particularly 
relevant, as it coincides with the reproductive stage, when weather 
conditions are more relevant in determining 3nal yield realization. In 
contrast, one-month weather forecasts issued in July have less inKuence 
on yield formation, since the crop is already in or approaching the 
harvest stage and future weather is therefore of limited relevance. May is 
also the point when MARS forecasts begin to diverge from historical 
trends, providing a meaningful testbed for early yield assessment. The 
historical MARS forecasts from May were published between the 9th and 
23rd of May (MARS, 2026). In addition to the historical MARS forecasts, 
historical end-of-season yield statistics were obtained from EUROSTAT 
(EU, 2023). Previous studies have assessed the accuracy of MARS fore
casts against of3cial yields (van der Velde and Nisini, 2019). For the 
countries and years considered here, forecast errors vary across both 
space and time, with differences in spread (boxplot width) and sys
tematic tendencies (bias, as indicated by median above or below zero), 
as illustrated in Figs. 1b and 1c.

2.2. Meteorological data

We propose a new framework, MARS+Forecast, where MARS is 
combined with weather forecast data. The data come from the sub
seasonal forecast model from the European Centre for Medium-Range 
Weather Forecasts (ECMWF). Subseasonal forecasts, up to 46 days 
ahead, 3ll the gap between medium-range (up to 15 days) and seasonal 
forecasts (up to 13 months). Seasonal forecast models have been used in 
a wide range of use cases (Bento et al., 2022; Brown et al., 2018; Zachow 
et al., 2024), while subseasonal forecast models are still understudied, 
possibly because of their shorter lead times. We obtained weekly sub
seasonal hindcast data from 2007 to 2024, initialized in May within 
three days after the publication of the corresponding MARS May forecast 
of the same year (MARS dates varied from the 9th to the 23rd of May). 
The hindcasts are represented by 10 ensemble members that allow 
probabilistic forecasts that quantify uncertainty to initial conditions. 
The outputs of these ensemble members were averaged to obtain one 
quasi-deterministic weather forecast for mean temperature and precip
itation. Furthermore, hindcast data were aggregated from the native 
0.5◦ grid resolution to the national level using a static cropland mask 
representing non-irrigated arable land. To achieve this, the Corine Land 
Cover dataset (100 m resolution) was used to identify arable land pixels 
(CORINE Land Cover, 2018). For each 0.5◦ grid cell, the number of 
underlying arable land pixels was counted, giving a measure of the 
proportion of arable land within that cell. These counts were then used 
as weights to compute a national average, ensuring that grid cells 
contributed in proportion to their arable land area. No bias correction 
was applied to subseasonal hindcasts, as our data-driven model uses 
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standardized input features and forecasted data is not mixed with 
observed data (see Section 2.3). Although subseasonal hindcasts are 
available for up to 46 days, we only used the 3rst four weeks, as there is 
no forecast skill in Europe beyond one month (ECMWF, 2024). To avoid 
increasing the number of predictors and the so-called curse of dimen
sionality we opted for the parsimonious approach of computing the 
mean over the entire forecast period to have one deterministic precipi
tation and one deterministic temperature forecast per country and year, 
representing mean conditions over the four weeks following the MARS 
publication date. As a preliminary analysis, to assess the potential value 
of knowing future weather conditions, we 3rst tested the MARS+Perfect 
approach, in which the four-week weather outlooks were based on ERA5 
reanalysis data (Hersbach et al., 2020). Data processing was identical to 
the subseasonal hindcast data, aggregated from grid cells to 
national-level averages using the same land mask and converted into 
four-week means.

To contextualize the four-week outlook relative to the current crop 
season (for both reanalysis and subseasonal hindcast data), we incor
porated the Standardized Precipitation Evapotranspiration Index (SPEI) 
(Vicente-Serrano et al., 2010), calculated over the two months preceding 
the MARS forecast date. A two-month SPEI window was chosen to 
capture droughts that are still developing but have not yet caused irre
versible damage and that are not fully reKected in MARS forecasts, 
which tend to remain conservative in lowering yield estimates as long as 
recovery remains possible. By incorporating a preceding SPEI as an 
additional predictor, we can determine whether e.g., future precipita
tion will positively impact crop yields, particularly when the preceding 
SPEI indicates dry-warm conditions. In contrast, additional rainfall has a 
limited effect under already wet-cold conditions. SPEI is derived from 
the climatic water balance (precipitation minus potential evapotrans
piration, PET), where PET was estimated using the Hargreaves method 
(Hargreaves and Allen, 2003). The resulting water balance was stan
dardized against a 27-year reference period (1980–2006) for each 
country. Historic temperature and precipitation data for SPEI calcula
tion were taken from the MARS weather database, which are based on 

interpolated weather observations.

2.3. Modeling work8ow and performance assessment

MARS+Forecast was designed to forecast MARS residuals, de3ned as 
the difference between 3nal reported yields and MARS forecasts, rather 
than yields directly. This choice reKects the assumption that MARS re
siduals contain both structural and non-structural errors. Structural er
rors may stem from the absence of future weather information in the 
MARS workKow, which we explicitly incorporate here. By modeling 
residuals instead of absolute yields, we ensure that the core MARS signal 
is preserved while systematic shortcomings are corrected. The 3nal 
predictor set comprised: four-week weather outlooks of precipitation 
and temperature after the MARS publication date, two-month SPEI prior 
to the MARS forecast date and the original MARS yield forecast. Pre
dictors were standardized prior to training. Our modeling workKow for 
each country followed three steps: 

1 Compute residuals by subtracting the MARS forecasts from 3nal 
yields.

2 Train a model to learn the relationship between residuals and 
predictors.

3 Obtain 3nal yield forecasts as addition of MARS forecasts plus esti
mated MARS residuals.

Gaussian Process Regression (GPR) was selected as the residual- 
learning model because it offers a Kexible, non-parametric way to cap
ture relationships without assuming a 3xed functional form (e.g. linear 
or quadratic) (Rasmussen and Williams, 2008). Unlike many regression 
methods, GPR does not deliver a single 3tted curve but a distribution 
over possible functions that could explain the data. Which functions are 
considered possible is determined by the choice of kernel. Here, we used 
an additive kernel composed of a radial basis function (RBF) kernel and 
a white-noise kernel. The RBF kernel encodes the assumption that re
siduals vary smoothly with the predictors, while the white kernel 

Fig. 1. Study area and MARS error distribution in May. (a) Countries considered in the study are shown in blue with two-letter country codes based on the 
nomenclature of the European Commission (Glossary, 2026). (b) Distribution of MARS errors by country. Errors are relative, expressed as percentage, and obtained 
by subtracting the MARS forecast from true yield and dividing the difference by true yield to harmonize different yield levels across the countries. (c) Distribution of 
these relative errors by year. In (b) and (c), outliers are not shown.
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captures random variation that should not be explained by the model. 
Together, these kernels balance the signal relevant for improving MARS 
forecasts with the noise that inevitably exists in agricultural data. Each 
kernel has hyperparameters that control the behavior of the model. For 
the RBF kernel, the key parameter is the length scale, which determines 
how strongly nearby points inKuence each other: small values allow the 
function to follow short-term, noisy Kuctuations, while larger values 
enforce smoother, more rigid responses. For the white kernel, the main 
parameter is the noise level, which de3nes how much of the variation is 
attributed to noise rather than explained structure; higher values reduce 
over3tting by letting the model ignore small, erratic deviations. These 
hyperparameters are optimized internally by GPR through maximizing 
the marginal likelihood of the observed training data. The 3nal kernel 
parameters are those that maximize this likelihood, but because the 
likelihood surface can have multiple local optima, we restarted the 
search 3ve times to improve robustness. The outcome is a distribution of 
functions consistent with the data, from which we used the mean 
function as the 3nal yield adjustment. Although the optimization is 
handled automatically, it is still advisable to constrain the search space 
with reasonable bounds to avoid unrealistic solutions. Based on the 
literature (Martínez-Ferrer et al., 2021), we restricted the RBF length 
scale to (0.1, 1) and validated three candidate bounds for the 
white-kernel noise level: (0.001–0.3), (0.1–0.3), and (0.2–0.3). Finally, 
for model training, validation and testing, we employed nested 
cross-validation (Meroni et al., 2021). In this procedure, an inner loop is 
used to optimize hyperparameters (here, the noise-level bounds), while 
an outer loop evaluates the predictive skill of the selected model on 
unseen data. This ensures that model selection is unbiased with respect 
to test performance. The full modeling pipeline was trained, validated 
and tested independently for each of the 24 EU countries considered. 
Speci3cally, we used a leave-one-year-out scheme in the outer loop, 
where each year served as a single holdout sample while the remaining 
years (17) were used for training and hyperparameter optimization in 
the inner loop. Over the period 2007–2024, this results in 18 folds per 
country, each with 17 training years and one test year. To assess the 
added value of MARS+Forecast (and MARS+Perfect) relative to MARS, 
we compared absolute forecast errors. For each country c and year t, the 
absolute errors of the MARS forecast |eMARS,c,t | and MARS+Forecast |
eMARS+Forecast,c,t | were computed. Relative skill was then expressed as: 

Skillc,t =
⃒

⃒eMARS+Forecast,c,t
⃒

⃒−
⃒

⃒eMARS,c,t
⃒

⃒

⃒

⃒eMARS,c,t
⃒

⃒

The skill was assessed equally for MARS+Perfect using its corre
sponding error |eMARS+Perfect,c,t |. A negative value indicates that our 
approach reduced forecast error compared to MARS, while positive 
values indicate the opposite. Both yield overestimation and underesti
mation can have signi3cant impacts on EU agricultural policy and global 
market stakeholders. MARS analysts are therefore tasked with produc
ing the most accurate forecast possible based on a thorough interpre
tation of available data, without being guided by an asymmetric 
objective that penalizes one type of forecast error more strongly than the 
other. We therefore chose absolute errors as the basis for our skill metric, 
as these are assumption-free and directly reKect forecast deviation from 
observed yields regardless of direction. In addition, we evaluated a 
probabilistic forecasting setup by running the yield model with each of 
the 10 ensemble members of the weather forecast and assessed skill 
using the Continuous Ranked Probability Skill Score (CRPSS), which 
generalizes the mean absolute error (MAE) to probabilistic forecasts 
(Hersbach, 2000). Here, the reference is the deterministic 
MARS+Forecast approach using the ensemble mean weather forecast, so 
the CRPSS is calculated as 1 minus the ratio of the CRPS of the ensemble 
forecast to the MAE of the deterministic ensemble-mean forecast. Posi
tive values indicate that the probabilistic approach is better with an 
upper limit of 1, while CRPSS values smaller or equal 0 indicate lack of 
skill over the reference forecast.

3. Results

An initial analysis of the skill of MARS wheat yield forecasts in May is 
given in Fig. 2. Over the study period from 2007 to 2024, MARS ach
ieved skillful forecasts (R2 

> 0) over 10 out of 24 countries. The highest 
skill was achieved in Poland (PL, 0.65 R2), Romania (RO, 0.63 R2), 
Bulgaria (BG, 0.62 R2), Spain (ES, 0.42 R2), Portugal (PT, 0.32 R2), 
Hungary (HU, 0.28 R2) and Italy (IT, 0.20 R2). The lowest skill was 
observed in Greece (EL, −0.69 R2), Ireland (IE, −0.40 R2), Czechia (CZ, 
−0.39 R2), France (FR, −0.31 R2), Austria (AT, −0.29 R2), Denmark 
(DK, −0.25 R2), Luxembourg (LU, −0.22 R2), Sweden (SE, −0.16 R2), 
Belgium (BE, −0.14 R2), Germany (DE, −0.13 R2) and Netherland (NL, 
−0.11 R2). Countries with R2 values around 0 where skill could be 
attributed to noise in the data and no general assessment can be made 
were Latvia (LV, 0.09 R2), Slovenia (SI, 0.04 R2), Estonia (EE, 0.01 R2), 
Slovakia (SK, −0.02 R2) and Lithuania (LT, −0.07 R2). MARS forecast 
skill in June was comparable to May, while signi3cant improvements 
were observed in July (Suppl. Mat. Fig. S1–2).

Fig. 3 indicates the theoretical performance change in wheat yield 
forecasts for May when MARS forecasts are combined with perfect four- 
week weather outlooks (MARS+Perfect). MARS+Perfect would improve 
MARS forecasts (Error difference to MARS < 0) over 16 out of 24 
countries, corresponding to 60% of wheat area and 55% of wheat pro
duction. The largest error reduction of MARS was achieved for Slovakia 
(SK, −5.3%) and Spain (ES, −3.7%). Countries in which no improve
ment was possible (Error difference to MARS ≥ 0) were Sweden (SE, 
+1.9%), Luxembourg (LU, +1.9%), Czechia (CZ, +1.4%), Hungary (HU, 
+1%), Estonia (EE, +1%), Belgium, France and Bulgaria (BE, FR, BG, 
respectively, all around 0% error difference to MARS). Average perfor
mance of MARS+Perfect was best in May when compared to forecast 
months June and July (Suppl. Mat. Fig. S3–4).

In an operational setting, perfect four-week outlooks based on 
reanalysis data that are available a-posteriori, will be replaced with 
subseasonal weather forecasts, with skills shown in Fig. 4. Aggregated 
four-week precipitation forecasts at the country-level are skillful (R2 

>

0) over 17 out of 24 countries. The countries with the highest precipi
tation forecast skill are Portugal (PT, 0.78 R2), Spain (ES, 0.72 R2), 
Slovakia (SK, 0.53 R2) and Italy (IT, 0.51 R2). Countries with no skill (R2 

≤ 0) for precipitation forecasts are Ireland (IE, −0.96 R2), Slovenia (SI, 
−0.31 R2), Austria (AT, - 0.23 R2), Belgium (BE, −0.13 R2), Luxembourg 
(LU, −0.09 R2), Sweden (SE, −0.06 R2) and Estonia (EE, - 0.04 R2). 
Temperature forecasts are skillful over all 24 countries of the study 

Fig. 2. Skill of MARS wheat yield forecasts in May (2007–2024). Forecast skill 
for MARS is calculated for each country using the R² metric, with negative 
values (orange shades) indicating no skill and positive values (purple shades) 
indicating skillful forecasts. MARS forecasts were published between 9 and 23 
May each year (MARS, 2026).
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region, with the highest skill in Spain (ES, 0.72 R2), Portugal (PT, 0.61 
R2), Italy (IT, 0.59 R2), Ireland (IE, 0.55 R2) and France (FR, 0.55 R2). 
The skill of weather forecasts was much worse in June, especially for 
precipitation, before it recovered again in July (Suppl. Mat. Fig. S5–6).

The skill of using subseasonal weather forecasts to forecast wheat 
yield within the MARS+Forecast approach is shown in Fig. 5. Only 
countries with skillful weather forecasts (Fig. 4) and skillful 
MARS+Perfect forecasts (Fig. 3) are included. MARS+Forecast im
proves MARS (mean error difference to MARS < 0) over 10 out of 24 

countries, corresponding to 39% of wheat area and 31% of wheat pro
duction. The highest mean error difference was achieved for Spain (ES, 
−2.7%), Slovakia (SK, −2.3%), Romania (RO, −1.6%), Italy (IT, −1.2%) 
and Netherlands (NL, −1%). Countries in which no improvement was 
possible (mean error difference to MAR ≥ 0) were Latvia (LV, +0.3%), 
Germany (DE, +1%) and Lithuania (LT, +2.2%). In addition to mean 
error differences to MARS, the distribution of annual error differences is 
shown in Fig. 5b Improvements over MARS in more than half of the 
years (negative median) are achieved for 9 countries. Denmark, Latvia, 
Greece and Lithuania have positive median added values, meaning that 
MARS+Forecast underperformed MARS in more than half of the years. 
Larger skill variability was observed for Romania and Slovakia with 
wider boxplots. Smaller variability in annual performance was present 
in Italy, Netherlands, Poland and Denmark.

In Fig. 6, absolute forecast errors for MARS and MARS+Forecast are 
shown, for countries where mean and median error difference over 
MARS was negative (Fig. 5). In general, errors between MARS and 
MARS+Forecast are highly correlated. The highest correlation occurs in 
the Netherlands (Fig. 6d, 0.94) and in Portugal (Fig. 6f, 0.91) and the 
lowest correlation occurs in Spain (Fig. 6a, 0.77) and Italy (Fig. 6c, 
0.82). In addition to the correlation, the mean absolute error (MAE) for 
both MARS and MARS+Forecast is reported in Fig. 6. The largest ab
solute difference occurs in Slovakia (Fig. 6h), with 0.64 and 0.74 t/ha 
MAE for MARS+Forecast and MARS, respectively. Other countries with 
large improvements were the Netherlands (0.46 versus 0.55 t/ha MAE), 
Spain (0.30 versus 0.39 t/ha MAE) and Italy (0.18 versus 0.25 t/ha 
MAE). There was no apparent relationship between the degree of cor
relation and the MAE difference.

An additional analysis where each weather forecast ensemble 
member ran its own wheat yield forecast to obtain a range of scenarios 
revealed little improvement over the deterministic approach (Suppl. 
Mat. Fig. S7).

Fig. 7 presents a forecast and predictor analysis for France and 
Germany, the two primary EU wheat producers. This analysis is based on 
MARS+Perfect using perfect four-week weather outlooks. It appears 
that wheat yield variability over the study period from 2007–2024 was 
not well captured by either approach. Notably, neither MARS nor 
MARS+Perfect successfully forecasted the extreme yield losses 

Fig. 3. Mean performance of MARS+Perfect wheat yield forecasts in May 
(2007–2024). MARS+Perfect integrates reanalysis data to simulate a perfect 
four-week weather outlook following the MARS publication date, where future 
conditions are known. The map shows mean performance relative to MARS at 
the country level. Negative values (purple shades) indicate improved forecasts 
compared to MARS, while positive values (orange shades) indicate that MARS 
performed better. Countries included in the analysis are labeled with two-letter 
codes, other countries are shown in white without labels. MARS+Perfect 
forecasts correspond to the same publication dates as MARS, which varied 
between 9 and 23 May each year (MARS, 2026).

Fig. 4. Skill of four-week weather forecasts in May (2007–2024). Forecasted standardized (a) precipitation and (b) temperature are compared against standardized 
reanalysis data at the country level using the R² metric. Negative values (orange shades) indicate no forecast skill, while positive values (purple shades) indicate 
skillful forecasts. The analysis covers the study period 2007–2024. Countries included in the study are labeled with two-letter codes, all others are shown in white 
without labels. The weather forecasts were initialized within three days after the MARS publication date, which varied between 9 and 23 May each year 
(MARS, 2026).
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experienced in France in 2016 and in Germany in 2018 (Fig. 7a-b). The 
MARS forecasts (which are used as an input to our approach) indicate 
above-normal wheat yield. MARS+Perfect failed even if anomalous 
weather conditions were captured in the four-week weather outlooks. 
For France, the four-week weather outlook from mid-May to mid-June 
2016 indicated unprecedented wet conditions, with a standardized 
precipitation value of >2, and below-normal standardized temperatures 
(<0) (Fig. 7c, e). In Germany, our predictors showed slightly below- 
normal standardized precipitation (<0) and exceptionally warm con
ditions, with standardized mean temperature >2, for the 4 weeks after 
the forecast date in 2018 (Fig. 7d, f).

4. Discussion

We have proposed a data-driven model to forecast wheat yield across 
24 EU countries in May, 1–3 months before harvest using as predictors 
the MARS forecast, the 2-month SPEI prior to the MARS forecast date 
and four-week weather outlooks of mean temperature and precipitation 
after the MARS forecast date. We tested a perfect weather outlook using 
reanalysis data (MARS+Perfect), which represents a hypothetical, 
always-correct forecast to assess the theoretical potential of the 
approach. In addition, we tested subseasonal weather forecasts from 
ECMWF (MARS+Forecast) to evaluate the operational accuracy when 
future weather conditions are unknown and must be derived from 
forecasts. Using an operational and analyst revised forecast (MARS) as 
an input to a new forecast approach is a novelty. In addition, this was the 
3rst study to assess the added value of subseasonal weather forecast data 
for wheat in 24 diverse wheat-growing countries. MARS+Perfect 
improved MARS over 16 countries, corresponding to 60% of wheat area 
and 55% of wheat production. The largest theoretical improvements, 
measured as relative MARS error reduction, were found in Slovakia 
(+5.3%) and Spain (+3.7%). MARS+Forecast improved MARS over 8 
countries, representing 39% of wheat area and 31% of wheat produc
tion. Again, the largest improvement was found in Spain (+2.7%) and 
Slovakia (+2.3%). For France and Germany, the two largest wheat 
producers in the EU, both MARS and our frameworks were less suc
cessful, failing to capture their respective extreme yield losses in 2016 
and 2018.

Before May, MARS forecasts rely mostly on yield trends. May marks 
the 3rst month when forecasts incorporate growth conditions from the 
start of the season up to the forecast date. With winter wheat harvest 
typically occurring between late June and early August across the EU 
countries, the May forecasts are about 1–3 months away from the end of 
the season. An analysis of May MARS forecast skill showed varying 
performance across the 24 study countries (Fig. 2) with more skillful 
MARS forecasts for southern and eastern European countries and less 
skill for central and northern European countries. While a comprehen
sive interpretation of the MARS capabilities is not at the core of our 
study, we can think of three explanations for the spatial performance 
patterns that also affected the performance of our approach. First, wheat 
yield variability in the southern EU countries is mostly driven by water 
availability, thus more sensitive to precipitation and temperature. Sec
ond, wheat yield in the eastern European countries has less annual 
variability and is dominated by a long-term rising trend, correctly 
considered by MARS analysts. Third, central and northern European 
countries experience stagnating and high yield levels. The variability in 
these countries does not only depend on water availability, unlike in the 
South, which makes forecasting more challenging (Ben-Ari et al., 2018).

The 3rst part of our analysis aimed at understanding the potential 
value of having weather outlooks explicitly incorporated in the May 
forecast. MARS+Perfect improved MARS over 18 out of 24 countries 
(Fig. 3). Regional performance differences may come from the limita
tions of our predictors to explain annual wheat yield. For example, the 
four-week outlook roughly covers the period from mid-May to mid-June. 
For countries with relatively late harvest (between July and August), 
weather conditions from mid-June until harvest remain unknown. 
Furthermore, the MARS forecast does not indicate the status of the crop 
at the forecast time but tries to anticipate yield development trajectories 
until harvest. If a crop is underdeveloped or stress conditions are 
observed by May, but recovery is possible because key grain formation 
stages are still to come, MARS usually remains cautious and does not 
lower yield expectations yet. This makes it dif3cult for our data-driven 
model to put the information of the four-week outlook into the right 
context and may lead to cases in which MARS cannot be improved. In 
some countries, MARS+Perfect even resulted in worse forecasts than 
MARS (Sweden, Estonia, Czechia, Luxembourg or Hungary). This may 

Fig. 5. Performance of MARS+Forecast wheat yield forecasts in May (2007–2024). The analysis includes only countries with skillful weather forecasts and skillful 
wheat yield forecasts under MARS+Perfect. (a) Country-level comparison of mean performance relative to MARS. Purple shades indicate countries where 
MARS+Forecast outperformed MARS on average with lower mean absolute error, while orange shades indicate the opposite. Countries included in the analysis are 
labeled with two-letter codes, others are shown in white without labels. (b) Distribution of annual performance differences between MARS+Forecast and MARS at the 
country level. Each boxplot shows the range and median of yearly error differences, with a vertical line at zero indicating equal performance. Purple boxplots denote 
countries where MARS+Forecast outperformed MARS in more than half of the years (median < 0), while orange boxplots denote the opposite (median ≥ 0). 
The weather forecasts used for the MARS+Forecast model were initialized within three days after the MARS publication date, which varied between 9 and 23 May 
each year (MARS, 2026).
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be a drawback of our purely data-driven approach with only 17 years for 
training to make a forecast on the 18th year. If the 17 years does not 
sample enough variability for the model to learn the relationship be
tween predictors and yield, it will possibly produce poor forecasts that 
are worse than MARS. For operational use, reanalysis data is replaced 
with subseasonal weather forecasts. Our analysis shows that the May 
subseasonal hindcast data used here are skillful for weather conditions 
up to four weeks in advance (Fig. 4). This skill holds true for most 
countries, except for precipitation forecasts in seven countries. For 

temperature, a gradient of decreasing skill is observed from the south
west to the northeast, which is consistent with veri3cation metrics from 
the ECMWF (Büeler et al., 2020). This overall high skill of subseasonal 
hindcast data may come from our spatial and temporal aggregation of 
data from grid cells to national-level four-week averages (Monhart et al., 
2019). A potential drawback of this aggregation is a loss of signal, as 
localized extreme events are smoothed out and not accounted for in the 
yield forecast. Yield forecasts based on subseasonal hindcast data 
(MARS+Forecast) were skillful over 10 out of 24 countries (Fig. 5a). As 

Fig. 6. Comparison of May forecast errors between MARS and MARS+Forecast. The analysis includes only countries with skillful yield forecasts under 
MARS+Forecast. Each panel corresponds to a country, with the mean absolute error (MAE) of each model and the correlation between their forecast errors reported. 
The weather forecasts used for the MARS+Forecast model were initialized within three days after the MARS publication date, which varied between 9 and 23 May 
each year (MARS, 2026).
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expected, a few countries that were previously skillful within 
MARS+Perfect now fail to improve MARS (Germany, Latvia, Lithuania), 
possibly because of skillful but imperfect weather forecasts. In addition 
to the mean performance, we also show the distribution of annual per
formance change by country (Fig. 5b). The large difference in variability 
is likely due to the performance variability of the underlying MARS 
forecast. As we showed in Fig. 6, our errors are highly correlated to the 
MARS errors. This is because we chose to forecast wheat yield by 
learning to forecast the residuals of MARS forecasts to true yield. This 
choice led to a model whose outputs are closely linked to the MARS 
forecasts. In line with this behavior is the tendency that our approach 
performed better in countries where MARS was already skillful 
(Fig. 2–3) and, in turn, performed worse in countries where historical 
performance of MARS was less good, such as in France and Germany 
(Fig. 7). These two major wheat producers are suitable examples to 
demonstrate the limitations of a purely data-driven crop yield modeling 
approach. Both extreme yield losses in 2016 in France and in 2018 in 
Germany were not forecasted, although the predictors suggested po
tential sources of risk (extreme wetness in France and extreme heat in 
Germany). However, both weather conditions were highly unusual and 
too extreme to be derived from the training data. If such conditions are 

not represented in the training data, the models fail to recognize and 
apply them during testing or validation. The 2016 French yield failure 
highlights additional complexities. Yield losses were strongly ampli3ed 
by plant diseases, which are not explicitly represented in our model and 
are dif3cult to attribute to single weather predictors (Ben-Ari et al., 
2018).

Future improvements to our approach could focus on addressing 
limitations related to both input data and model design. To provide 
context for the weather outlooks, we used the 2-month SPEI prior to the 
forecast date. However, SPEI does not represent information about the 
impact on the crop conditions. Incorporating crop condition indicators 
available at the forecast date, such as satellite-derived vegetation 
indices, could help the model contextualize the four-week weather 
outlook, particularly in situations where crop recovery or later stress is 
possible. Further improvements could also be achieved by using crop- 
speci3c land masks when aggregating weather data. In this study, we 
used a non-irrigated arable land mask (CORINE Land Cover, 2018), but 
in some countries winter wheat is cultivated only on a small fraction of 
total arable land (e.g. Italy). As a result, the aggregated weather pre
dictors may dilute or omit the true weather signal affecting the crop. 
Incorporating high-resolution, crop-speci3c land masks could help 

Fig. 7. Annual wheat yield forecasts and predictors for France and Germany (2007–2024). 
(a-b) Comparison of observed yields (black dashed lines with square markers) with forecasts from MARS (green line with circular markers) and MARS+Perfect 
(orange line with triangular markers). Horizontal dotted lines indicate each country’s average yield. (c-d) Standardized precipitation anomalies and (e-f) stan
dardized mean temperature anomalies for the four-week outlook period using reanalysis data. The unit of standardized predictors Z-Score). Grey shaded areas 
highlight the extreme yield loss years in France (2016) and Germany (2018). The weather outlook corresponds to the four weeks following the MARS publication 
date, which varied between 9 and 23 May each year (MARS, 2026).
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ensure that the aggregated weather variables better reKect the condi
tions experienced by winter wheat. A further limitation lies in the purely 
data-driven nature of our approach, which constrains its ability to 
extrapolate to conditions not represented in the training data. This re
stricts forecast skill in years with unprecedented weather extremes or 
complex yield responses. Since additional historical data from the MARS 
archive is not available, future work could explore hybrid modeling 
frameworks that integrate expert knowledge into the data-driven 
framework. Such an approach could help the model recognize and 
adjust for rare but agronomically plausible scenarios, thereby improving 
robustness in the face of extreme or novel conditions. An additional 
factor not considered in this study is the role of farmer behavior. Evi
dence from the U.S. Great Plains suggests that winter wheat producers 
use climate forecasts for short-term management decisions with lead 
times of 0–2.5 months (Klemm and McPherson, 2018). However, these 
3ndings are dif3cult to transfer to European wheat production, where 
policy environments and management practices vary across and within 
member states. Since our framework targets the month of May, key 
management decisions such as planting, variety selection, and 
early-season fertilization have already been completed. The degree to 
which European farmers incorporate weather forecasts into their de
cisions earlier in the growing season, and how this might feed back into 
yield outcomes and prediction models, should be a direction for future 
research.

5. Conclusion

This study showed that extending the MARS system with subseasonal 
weather forecasts can enhance early-season wheat yield forecasts across 
several EU countries. The MARS+Forecast framework incorporates four- 
week rainfall and temperature outlooks into operational forecasting and 
delivers measurable improvements in areas covering over one-third of 
EU wheat production. Although extreme yield failures remain chal
lenging to forecast, progress can be made through longer training re
cords, continued improvements in MARS and advances in subseasonal 
rainfall and temperature forecasting.
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