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Earth System Science Data

Dear Editor and Reviewers,

We thank you for the insightful suggestions, feedback, and the time you have dedicated to
review our manuscript. This is our initial response to your comments. We have provided a
point-by-point response below, addressing each specific comment and suggestion. Our action-
able items are highlighted in italics.

We appreciate your consideration of the effort we made. Please contact us if there are other
further suggestions.

Thank you for your kind consideration.

Sincerely,

Authors

Reviewer #2 comments and suggestions:

This study proposes CY-Bench, a global, sub-national benchmark for in-season, pre-harvest
crop-yield forecasting of maize (covering 38 countries) and wheat (covering 29 countries). The
data are collected and curated from large-scale open-access sources. The data are potentially
useful for developing and evaluating machine learning models for crop yield forecasting and
other Earth system related tasks. In general, CY-Bench is novel and useful for the machine
learning and agricultural communities. The following comments should be considered before
formally publishing it:

We appreciate your recognition of the novelty and potential value of CY-Bench for both
the machine learning and agricultural research communities. We carefully considered your

comments and a detailed, point-by-point response to each suggestion is provided below.

1. As CY-Bench is proposed for developing and evaluating data driven models, you should
discuss and compare the performance of the models you have benchmarked in the main text,

despite a table of model performance is provided in the code repo. You should also discuss
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whether there are different findings (of benchmarking these models) compared to existing
datasets.

The primary objective of the current study is to introduce and document the CY-Bench
dataset, including its scope, geographic coverage, and potential applications. While the per-
formances of a variety of models are provided in the code repository for reference, a compre-
hensive analysis and discussion of model benchmarking will be addressed in a forthcoming
follow-up study. This separation allows us to focus this manuscript on dataset creation, acces-
sibility, and usability, which we believe are the critical contributions of CY-Bench.

A full evaluation of model performance is therefore beyond the scope of this paper. Nev-
ertheless, as detailed in our introduction, in the literature, machine learning methods often
outperform classical statistical baselines and this trend does not fully emerge in our experi-
ments. Direct comparisons remain challenging, however, due to non-standardized datasets and
evaluation protocols.

We will revise the manuscript by adding a short note on the initial benchmarking exper-
iments included in the repository. This will briefly acknowledge the availability of baseline
results while clarifying that a full and systematic evaluation of model performance will be

presented in a separate follow-up study.

2. Your benchmarking results (as shown in the code repo) displays large variations across
different regions. For example, Maize (CN) achieves low NRMSE (8.78) and close-to-one R2
(0.81), while Maize (DK) reaches much higher NRMSE and all very negative R2. This problem
can be caused by the models you train or the dataset itself (e.g., quality of the data, predictors
you choose), and should be sufficiently discussed in the paper.

The variation in benchmarking results across regions is not unexpected and reflects sev-
eral underlying factors. In the case of China, yields exhibit a relatively stable spatial pattern,
where differences between regions are fairly consistent over time. This makes it relatively easy
to achieve high accuracy, especially with location-specific models. For Denmark, the lower
performance is likely related to the significantly smaller size of the available dataset, which
reduces the predictive signal for the models.

We agree that variability in model performance may also reflect the relevance and complete-
ness of the input features and/or quality of the labels. The fact that the same predictors perform
reasonably well in one region while underperforming in others strongly suggests that the ex-
planatory power of these features can vary significantly by location. In our view this finding is
not a flaw; it warrants a revisit on the conventional modeling and data selection approaches and
offers valuable guidance for assessing the quality of the yield statistics.

We would like to stress that the modeling component and feature importance analysis will
be covered in our follow-up analysis paper that systematically compares different modeling
approaches and explores their performance across regions and conditions.

We are preparing a separate analysis paper to systematically explore and compare different



modeling approaches, including an examination of the completeness and suitability of input
features, building directly on the insights revealed by CY-Bench. Nevertheless, in response
to the reviewer’s suggestion we will add brief comments on our initial modeling results. In
particular, we will note that the benchmarking experiments suggest that the predictive value
of the available features differs across regions, leading to variation in model performance.
This highlights the complexity of yield prediction across diverse contexts and underscores the

importance of CY-Bench as a standardized benchmark to study these differences systematically.

3. Following the previous comment, I recommend adding a note for each region (or a group of
regions) to guide potential users on the specific precautions needed when working with its data
(e.g. quality concerns, noise or any other risks).

We agree that region-specific guidance can help users better utilize and interpret the dataset.
Our current version already addresses some aspects of this guidance: Figures 5 and 6 show
the number of observations per country and the number of administrative regions, highlight-
ing data availability across regions. We also address quality issues with yield labels sourced
from government-reported statistics. In the discussion, we highlight risks such as the lack of
a temporal crop mask—which may impact feature quality in regions where crop rotation is
common—and the lack of separation between irrigated and non-irrigated yields, which could
otherwise provide additional insights for data-driven models.

To meet the reviewer’s suggestion, we will include notes and provide discussions summa-
rizing key considerations for the use of CY-Bench. These notes will address three key aspects:

First, data quantity: The number of observations varies across regions, which can affect the
performance of data-driven models.

Second, input predictor relevance: While our selected predictors generally capture major
determinants of yield, their explanatory power arguably varies by region. In some areas, other
factors—such as management practices or resource constraints—may more strongly influence
yields, which can limit predictive accuracy.

Third, label quality: With respect to yield data, we rely on reprocessed and curated government-
reported statistics and apply quality checks to filter implausible values and ensure internal con-
sistency. We note that the community has limited consensus on how to implement quality
control and uncertainty analysis for yield data (Davis et al., 2025). Possible approaches include
assigning a quality tag based on the data source or on cropping area.

In the next iteration of the dataset, we plan to provide region-specific notes addressing
these aspects wherever relevant. In the revised manuscript, we will also expand the discussion

on quality control and uncertainty associated with the yield statistics.

4. The size of data in each region should be indicated.
The dataset size for each country is presented in Figures 5 and 6, which report both the
number of regions and the number of yield observations. These figures also lists the average

administrative size of a region within each country.



5. Lines 275 - 280, you should discuss why LOYO is better than random sampling, especially if
random sampling was previously more commonly used as you mentioned. As you have noted
in limitations, LOYO is a compromise for small datasets; is there a better way for regions with
more data?

We used leave-one-year-out (LOYO) cross-validation rather than random sampling to ad-
dress spatial correlations within the same year. Yields from neighboring regions in the same
year are correlated, so random sampling can include similar data in both training and test-
ing sets, violating the independent and identically distributed (IID) assumption and leading to
overly optimistic performance estimates.

LOYO tests on an entire year excluded from training, avoiding this issue. It also preserves
extreme years in evaluation: the impact of unusually low or high yields is fully represented,
rather than being diluted or blended across random splits.

While LOYO is a practical compromise for smaller datasets—allowing maximum use of
available training data while ensuring each year is evaluated—regions with larger datasets could
benefit from forward sliding (rolling-window) validation, which better mimics operational fore-
casting. Overall, LOYO provides a balance between maintaining spatial independence, includ-
ing extreme years in the evaluation, and efficiently using the available data.

We will elaborate on our choice of LOYO cross-validation compared to random sampling
in the revised manuscript, highlighting how it addresses spatial correlations within the same

yvear and preserves the impact of extreme yield years without blending them across splits

6. In Section 2, how the data are harmonized should be described with more details, instead
of simply mentioning it (e.g., Lines 180 - 185 "as they follow a harmonization procedure de-
veloped by ...” and Lines 185 - 190 "The data was compiled and harmonized to account for
D).

We will clarify in the revised manuscript that yield datasets used in our study are harmo-
nized to ensure spatial and temporal consistency. For the EU, Ronchetti et al. (2024) harmo-
nized data from multiple sources, standardizing crop definitions, administrative boundaries,
and reporting practices, producing comparable annual yield time series. For African countries,
the FEWS NET HarvestStat Africa dataset, as compiled and harmonized by Lee et al. (2025),
adjusts for changes in administrative boundaries and reporting inconsistencies over time. These
harmonization procedures ensure that the annual yield time series are suitable for trend analysis
and model evaluation.

We will elaborate further on the harmonization procedures described above in the revised

manuscript

7. Following the previous comment, you may consider describing more details on how you col-
lect and curate data from a large number of different sources, as this is a major methodological
contribution of your study and will be useful for other researchers.

For each data source, both targets (yield), predictors (weather, vegetation, soil) and auxiliary



data (crop mask and crop calendar), we provide detailed data cards in our GitHub repository.
These data cards describe provenance, collection, processing, and curation in a transparent and
reusable way. Our workflow, which shows how the yield and predictor data is processed, is
outlined in Section 2.2 and graphically summarized in Figure 1.

In the revised manuscript we will expand Section 2.2 to provide a clearer description of
how the multi-source data are harmonized, including the steps for temporal alignment to crop

seasons and the aggregation to administrative units.
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