REVIEW: a DL framework for CHLA prediction in large marine
ecosystems: benchmarking with dynamic model and implications
for fish catch forecasting

This work presents a deep Learning framework to predict surface chlorophyll concentrations
and anomalies across large marine ecosystems, with implications for fish catch forecasts.
The abstract and the introduction well describe the core idea and its fundamentals: the
interactions between Earth’s physical and biogeochemical fields is important for predicting
future climate and the marine biogeochemical variability is critical to advance climate
predictions based on bio-climate interactions.

Nonetheless, the methods and results section can be deeply improved in order to clarify the
purposes of the research, its development and its scientific novelty.

The Method Section offers a detailed overview of the deep learning architecture, together
with datasets information, sensitivity analysis and prediction performances information.
Despite that, the description of the architecture lacks some important details, and the dataset
description, though comprehensive, is presented in a confusionary way, without properly
describing the variables collected and their role in training-validation-test phases, a fact that
reduces readability and reproducibility.

The architecture developed for this project is a Convolutional Neural Network. Despite the
authors having dedicated a paragraph of Methods Section and a paragraph of Results
section to the description of the architecture, several fundamental aspects remain
unclear—particularly the dimensions of the input and output data—reducing the clarity of the
project’s objectives and implementation.

The research question behind this project and consequently research purposes (i.e. the
relevance of modeling mean chlorophyll within LMEs and the rationale behind using entire
2D maps to derive a single pointwise mean value for each LME) appears confusionary, a
lack of clarity that is also reflected in the results. It is not particularly clear the task the
manuscript intends to solve, and in particular the objective of some experiments (i.e.
mechanisms underlying chlorophyll prediction skills, described in Figure 4, and the capacity
to model interannual fish catch variations with chlorophyll anomalies as environmental
drivers) and which is the scientific novelty they bring.

Moreover, the description of the experiments and of the results appears not always clear,
and more explanations (i.e. a more detailed description of the content of Figure 4, and of the
relationship between the anomaly correlation skill behavior described in figs 4a and 4c with
the maps of figs 4b and 4d) would improve readability and strengthen the paper as they
would support the research question posed by the authors. Finally, the descriptions of
certain figures, such as Figures 4 and 5, lack sufficient detail, limiting the comprehension of
both the analyses conducted and the importance and relevance of the results obtained.

In consideration of the previous points, the paper is acceptable for publication after major
revisions.

A list of punctual issues is listed below.

ABSTRACT:



(L13-14): Enhance clarity and focus on this sentence to be more consistent with the
problem presented.

(L20): The sentence emphasizes the relevance of physical-biogeochemical coupling
processes; however, it remains unclear whether the network explicitly learns this
coupling or merely reproduces its effects, as well as the mechanisms by which such
learning or reproduction is achieved.

(L22): The term “chlorophyll anomalies” is introduced, but it is not defined, together
with the baseline used for its computation. The entire article strengthens on this
aspect, but there is no formal definition of anomaly.

1. INTRODUCTION:

(L35): The inclusion of references to the definition of ESMs would facilitate a deeper
understanding of the purposes of the project.

(L50): Deep learning models are highly sensible on data coverage. In particular,
observational gasps and data-sparse components represent a huge limitation for the
majority of deep learning approaches. Even if their usage grows with the increasing
availability of data, sparse coverage still represents a limit for these models. A clearer
explanation of the statement asserting that deep learning methods are well suited to
data-sparse components would strengthen the justification for adopting a deep
learning approach for this application.

(L62): The manuscript does not clearly describe the outputs of the deep learning
model. Both chlorophyll concentrations and chlorophyll anomalies are presented as
model products; however, the definition and interpretation of the anomaly are not
provided. Clarification of this aspect would improve the reader’s understanding of the
overall study. Furthermore, it is unclear whether each LME is modeled independently
or whether the model produces a global output from which individual LMEs are
subsequently extracted and analyzed.

(L65-68): | think a re-organization of the last sentences of the introduction would
enhance the comprehension of the project. The current description of the dataset
appears overly detailed for an introductory section, while some key elements, such
as a clear definition of the model outputs, are not sufficiently addressed. It is
therefore recommended to revise these passages by emphasizing the general
characteristics of the proposed algorithms and providing only high-level information
about the dataset, while relocating the detailed dataset description to the dedicated
method section.

2. METHODS:

Section 2.1: the architectural description lacks key details required for reproducibility,
such as a comprehensive table of all hyperparameters and a clear rationale for the
choice of the proposed architecture and its components, such as including the use of
GELU activations and the selected loss function. To further improve the clarity of the
manuscript, it is recommended to present the network architecture, dataset, and
validation strategy in separate subsections.



(L91): the concept of anomaly correlation coefficient is introduced, but not defined.
Including its definition, along with a brief description, would enhance the reader’s
understanding of the results.

Section 2.2 describes the dataset used, including the input, validation, and test sets,
and provides details on input data preprocessing. | recommend reorganizing this
section to clarify the distinctions between datasets used for different purposes.
Additionally, more detail on the input data preprocessing would improve clarity, as the
structure of the input data is not fully specified. Specify source, variables, spatial
resolution, temporal frequency of data used; in particular, clarify which dataset
collects the input variables used for training, validation and test. Use a table if it can
help. Moreover, it is unclear whether the inputs consist of concatenated global 2D
maps of SST and chlorophyll anomalies or of 2D maps defined separately for each
LME. Likewise, the description of the network output lacks clarity: it is not evident
whether the output represents a mean chlorophyll value across all LMEs or a spatial
map over each LME, nor whether the model predicts chlorophyll concentrations,
chlorophyll anomalies, or both.

(L103): The input mask fills missing values with zeros. It would be helpful if the
authors could provide additional insight into the rationale behind this choice. In
particular, further clarification on whether missing values and land points are treated
differently, and on the network’s ability to distinguish between these cases, would
enhance the reader’s understanding.

(L124): Paragraph 2.3 introduces SHAP as a method for interpreting model
predictions and identifying dominant spatial drivers (L118). However, the role of
SHAP in this context is not entirely clear. Given that the network inputs consist of
SST and chlorophyll anomalies, one would expect the analysis to highlight the
relative importance of these input variables. Instead, at (L124) it is stated that feature
(i) corresponds to a specific grid point in the input map, which introduces some
ambiguity regarding what information the SHAP analysis is intended to convey. A
clearer explanation of how features are defined and how SHAP results should be
interpreted would improve the clarity and understanding of the results.

Section 2.4: the scope of this section appears scientifically obscure. Chlorophyll (or
its anomaly) timeseries from satellites or from ESM models can be directly used to
predict catch timeseries. Which are the added values of using NN derived
chlorophyll? One would expect, at least, a comparison between catch timeseries
predicted using chlorophyll from satellites, or to see the advantage of using the NN
derived chlorophyll.

RESULTS:

Section (3.1) presents a very interesting and informative analysis; however, some of
the architectural details discussed here would be more appropriately included in the
Methods section, within the description of the model architecture. In addition, to
improve the comprehensibility of the architecture described in the Methods section
and to maintain focus on the model’s results, it is suggested to move this sensitivity
analysis to a Supplementary Materials section.



(L150): In the caption of Figure 2, the baseline model is described as sharing the
architecture of the reference model, while differing in certain training settings, such
as the loss function. This suggests that the reference model represents an optimized
version of the baseline. However, at line 148 it is stated that the sensitivity analysis
presented in this paragraph originates from the reference model, with a single
component modified in each experiment. Could the authors clarify the contributions
of these sensitivity experiments to the reference model, and how the reference model
was optimized relative to the baseline? Providing this explanation would help improve
the reader’s understanding of the experimental design and the relationship between
the baseline, reference, and sensitivity models.

(L155): The concept of prediction skill is not defined, and its meaning remains
somewhat unclear. In particular, in Figure 2, it is not evident what exactly the
prediction skill measures. Including a brief description would enhance both clarity and
will facilitate the comprehension of the proposed results.

(L175): Could the authors clarify the statement, “The inclusion of additional input
datasets generally improved the model’s prediction skill”? It should be noted that
adding input variables does not necessarily guarantee improved model performance;
if the additional inputs have weak correlation with the target, their inclusion could
potentially lead to overfitting. Providing a reference and a more detailed explanation
would help clarify this point and strengthen the interpretation of the results. Moreover,
the choice to include chlorophyll as input variable when predicting chlorophyll itself
should be clarified. Moreover, it would be helpful to provide a table which contains
for each test the input variables used for it. It is somehow difficult to reconnect the
text to names listed in figure 2.

From Figure 3a, it appears that the CNN output is represented as a single mean
value for the entire LME, resulting in a uniform color. Could the authors clarify
whether this interpretation is correct, or if the correlation is instead computed at the
level of individual grid points? Providing this clarification would help improve the
reader’s understanding of the figure and the network’s output. Based on Figure 1, the
inputs appear to consist of timeseries of two-dimensional spatial fields, whereas the
outputs correspond to timeseries of zero-dimensional quantities (i.e., single surface
values). If this interpretation is correct, the rationale for adopting a
two-dimensional-to—zero-dimensional mapping should be explicitly discussed. In
particular, it would be helpful to clarify the intended purpose and advantages of this
approach compared to the use of a simple spatial average, as well as to articulate
the scientific novelty that this methodology is expected to provide.

Improve the quality and clarity of the figure 3: y axis is missing the label and unit, and
the text should be enlarged.

(L195): The exact number of CNN input variables is not entirely clear. While SST and
chlorophyll anomalies are listed as inputs in the introduction (L62), a different
description appears later, stating that the model was “tested with a combination of
physical and biogeochemical inputs, that is, SST only, chlorophyll only, and both SST
and chlorophyll.” Could the authors kindly clarify the reason for this apparent
discrepancy? If a sensitivity analysis was conducted to determine the optimal set of
input variables, it would be helpful to briefly describe the procedure. Otherwise,
specifying the exact input variables used in the current model would improve clarity
for the reader.



(L213): The manuscript states that “including surface chlorophyll anomalies, either
alone or as an additional predictor, substantially increased the number of LMEs
where the model achieved high prediction skill.” In the introduction, chlorophyll
anomalies are already presented as an input to the model, whereas here it appears
that they are added subsequently. Could the authors kindly provide a more detailed
explanation of how the input data are structured and used? Clarifying this point would
improve the reader’s understanding of the model setup and the role of different
predictors.

(L215-220): The caption of Figure 4 lacks clarity, and the prediction task described in
lines 215-218 would benefit from a more detailed explanation. In particular, the
inputs and outputs of the task should be explicitly specified, and the procedure used
to compare predictions with observations should be described more clearly. For
example, it is unclear which quantities are being compared at each grid point in
Figures 4a and 4c. Additionally, the captions for Figures 4b and 4d are ambiguous;
as currently presented, it appears that two sequences of three maps are shown.
Consideration could be given to splitting this content into two separate figures in
order to improve readability and facilitate the reader’s understanding of the task.
The analysis presented in the latter part of paragraph 3.2 is interesting, and the
results shown in Figure 4 are valuable. Nevertheless, the paragraph would benefit
from a more detailed explanation of what is the content and the relevance of figures
4a and 4c, together with the implications between Figures 4a and 4b, as well as
between Figures 4c and 4d. Clarifying these connections would greatly enhance the
reader’s understanding of the results and their interpretation.

(L239): The manuscript states that “the recurrence of this pattern in the model’s
predictions indicates that it captures subsurface ocean memory in addition to surface
signals.” Could the authors clarify why the recurrence of this pattern is interpreted as
evidence of subsurface ocean memory, given that subsurface variables do not
appear to have been used or introduced as input to the model? Providing additional
explanation would help improve the reader’s understanding of this conclusion.
(L248): For the sake of comparison, it would be helpful to include the ENSO
dynamics in a Supplementary Material section, providing a baseline for reference
alongside Figures 4b and 4d.

L265-270: move in material and method the description of models.

Explain better how correlation between satellite chlorophyll and predictions by DL
and dynamics are computed.

In figure 5, use labels (DL and dynamics) that are consistent throughout the paper
and are clear; if figure 5a and 5b provide the same information, consider
simplification and use only one, otherwise, clarify the distinction.

In Fig. 5a, the numbers of significant correlations are 15 for DL and 16 for dynamics. It
appears to me to have quite poor performance results. Please reformulate L281-282.
(L284): Some regions are listed as examples of comparable performance habits, but
the Fig 5a does not show explicitly these regions. Indicating at which bars of the plot
they correspond would increase the clearness of the results. Moreover, a map with
the 66 LME is missing in the paper.

To evaluate the validity of using NN chlorophyll predictions instead of observed
chlorophyll data for fish catch prediction, it would be informative to include a
comparison, for example with results obtained from a linear regression model using



satellite chlorophyll observations. Alternatively, please clarify the reason for this
methodological choice.

Figure 6 shows only 2 LME. Providing additional information about the correlation
between chlorophyll and fish catch in the other LMEs could strengthen the results.
Improve the quality and clarity of the figure 6: y axis is missing the label and unit and
the text needs to be enlarged. Does y-axis represent the correlation coefficient
between fish catch and chlorophyll anomalies, or the comparison between predicted
and observed fish catch?

DISCUSSION & CONCLUSION:

The conclusion and discussion section clearly summarizes strengths and limitations of the
approach and the value of the sensitivity analysis. However, a few aspects could be better
presented.

(L340): The phrase “while capturing physically interpretable signals underlying
chlorophyll variability” could benefit from clarification. Since the CNN inputs are SST
and chlorophyll anomalies, it would be helpful to specify whether this comment refers
specifically to SST or to other physical signals. Providing this clarification would
improve the reader’s understanding of the model’s interpretation.

(L340): The statement that “the model successfully reproduces the known
ocean—climate process” could benefit from further elaboration. Providing a brief
explanation of which specific ocean—climate processes this sentence refers to would
help strengthen the interpretation of the results and improve clarity for the reader.
(L362): The statement that “sensitivity tests show that surface chlorophyll anomalies
captured subsurface variability” would benefit from further clarification. From the
manuscript, it appears that the sensitivity analysis was primarily performed to
optimize the network architecture and input data. It is therefore not immediately clear
how this analysis supports the conclusion regarding subsurface variability. Providing
a more detailed explanation of the connection, or the underlying correlations, would
help the reader better understand the interpretation of the proposed results.



