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Abstract. Projected impacts of climate change are assessed with impact models, such as ecological or hydrological models,

driven by climate projections. Uncertainties of projected impacts are estimated by driving impact models with a large ensemble

of plausible future climate projections. However, most of the time, this is not possible for practical reasons: computing time,

data availability. To fix this issue, we propose an approach that links climate projections to impacts with an interpretable equa-

tion. First, this equation is discovered based on simulations of the impact model and their corresponding climate projections.5

Then, we consider that this equation can be used to emulate the impact model for other climate projections. Specifically, the

discovered equation maps each year climate indicators, i.e. a list of yearly and seasonally-averaged climate model variables, to

a yearly-averaged impact indicator, i.e. a variable computed from the impact model outputs. In our application, the impact in-

dicator is the annual mean Net Primary Production (NPP) of a risk-relevant regional oceanic area located in the North-Western

Mediterranean basin. It is computed from the outputs of a biogeochemical model of the Mediterranean Sea, which is driven by10

climate projections of a coupled regional climate model of the Mediterranean area. In our methodology, we run nine validation

schemes each one providing one equation to predict this impact indicator. Our results show that all discovered equations are

linear, even though non-linearity is allowed, and that most of them contain four climate indicators that can be interpreted physi-

cally: the sea surface temperatures in winter and spring, the sea surface salinity in spring, and the net downward shortwave flux

in winter. Based on these four indicators, we fit a linear equation on the historical period (1986-2005) and the scenario RCP8.515

(2006-2099) that reproduces well the trend and the year-to-year correlation of the impact indicator for the scenario RCP4.5

(2006-2099), which was not used for the fit. The predictions of the linear equation however underestimate the interannual

variance of NPP. As a perspective, this equation allows us to approximate the impact indicator at a neglected computational

cost, i.e. without running the costly biogeochemical impact model, for any regional climate model outputs available.
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1 Introduction20

Future climate change impacts on ecosystems, biodiversity, and human communities are assessed to inform and develop adap-

tation strategies. These impacts are often evaluated based on the results of modelling chains which comprise three successive

steps. The first step involves selecting a socio-economic scenario that describes, among other variables, how greenhouse gas

emissions may vary in the future. Then a climate model is run at the global scale for the chosen scenario. Sometimes, this result

is downscaled, i.e. refined at a more relevant scale (regional or local), using dynamical or statistical downscaling methods. Fi-25

nally, the output of the climate model drives an impact model. Such model can assess quantitatively the consequences of climate

change on sector-specific systems (e.g. ecosystem, hydrological system) and provide insights on process understanding.

Assessing uncertainties associated with future projections is an issue in climate impact studies (Northrop and Chandler,

2014; Evin et al., 2019). Three main sources of uncertainty are generally accounted for (Hawkins and Sutton, 2009). First,

socio-economic uncertainty stems from the uncertain future of global greenhouse gas emission trajectories , and is evaluated30

with projections from different socio-economic scenarios (Pirani et al., 2024). Second, model uncertainty, also called epistemic

uncertainty, is assessed using different climate and impact models, because each model inherently has knowledge gaps. Besides,

developers of different models do not make the same assumptions leading to different results from one model to another when

forced by the same scenario forcings. Third climate internal variability, which results from the chaotic nature of the climate

system, can be estimated using initial-condition large ensembles (Maher et al., 2021).35

These uncertainties are usually quantified with a large ensemble of climate projections based on different combinations of

scenarios, models, and initial conditions. However, the high computation and storage costs of numerical models can limit the

size of the ensemble, especially when high-resolution climate simulations are required to address regional or local climate

change impacts. Indeed, climate models require large resources (one regional climate projection taking months on a supercom-

puter) while costs of impact models range from moderate to expensive (Takakura et al., 2021).40

Statistical emulators, also known as surrogate models, can be trained on existing climate projections to mimic the original

numerical models in order to produce large ensemble at a much lower computational cost (Doury et al., 2022; Kendon et al.,

2025), even though we note that their training costs can vary widely and that they cannot perfectly mimic the original model.

In this study, we rely on statistical emulation to assess socio-economic uncertainty. Specifically, we focus on the task of

emulating models based on explored scenarios in order to generate projections for unexplored scenarios. Many approaches have45

already emulated climate models for this goal. For instance, statistical emulators of global climate models derive temperature

and precipitation maps from global emissions using pattern scaling (Santer et al., 1990), simple regression models (Castruccio

et al., 2014), time sampling (Tebaldi et al., 2022), causal learning (Boussard et al., 2023), generative models (Bassetti et al.,

2024; Bouabid et al., 2025), Gaussian processes, random forests, and custom deep learning architectures (Watson-Parris et al.,

2022). For regional climate models, emulators derive high resolution temperature and precipitation maps from large scale50

atmospheric conditions using principal components (Erlandsen et al., 2020), analogues (Boé et al., 2023), multilayer perceptron

or linear regression combined with random forests (Hobeichi et al., 2023), convolutional neural networks (Doury et al., 2022;

Bano-Medina et al., 2023; van der Meer et al., 2023), and generative models (Rampal et al., 2024; Addison et al., 2024).
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To go one step further along the climate impact modelling chain, our general objective here is to design statistical emulators

of impact models to generate projections for unexplored scenarios. Such emulators should allow for quantitative impact as-55

sessments without much prior knowledge (flexibility) and for process understanding (interpretability), as both are often needed

for high-stakes decisions. All statistical emulators have a trade-off between flexibility and interpretability. Simpler emulators,

e.g. linear regression, are highly interpretable but lack flexibility: they may miss relevant nonlinear relations between input

features and target outputs (underfitting). More complex emulators, e.g. neural networks, are flexible but lack interpretability.

Such flexible emulators may account too closely for residual variations in the input features, which may lead to overfitting.60

Symbolic regression (SR), a.k.a equation discovery, strikes a good balance between interpretability and flexibility. It aims to

discover automatically human-readable equations from data (Koza, 1994; Camps-Valls et al., 2023; Makke and Chawla, 2024)

by optimizing both their structures and their coefficients, while classical regressions only optimize their coefficients with a

fixed structure. In climate science, SR has discovered equations of global temperature (Stanislawska et al., 2012), ocean eddies

(Ross et al., 2023), evapotranspiration (Li et al., 2024), cloud cover (Grundner et al., 2024; Beucler et al., 2024b), sea ice albedo65

(Atmojo et al., 2025) and cost of climate adaptation (McDermott et al., 2025). SR could bridge the gap between data-based

approaches and the discovery of parsimonious representations (Balaji et al., 2022; Song et al., 2024; Huntingford et al., 2025).

Our approach consists in discovering with SR an interpretable equation, that generalizes well in unexplored scenarios, in

order to explore new scenarios at a lower cost and to assess scenario uncertainties of the climate impact modelling chain. Such

an approach has links with the broad challenge of finding climate-invariant equations (Beucler et al., 2024a). In our application,70

we discover an equation using a 115-year long simulation for training, covering a past historical period and a future scenario

under high emission (RCP8.5), and we evaluate the predictive capacity of this equation with an intermediate scenario (RCP4.5)

simulation unseen during the training (Fig. 1).

This study focuses on marine biogeochemistry, where statistical emulators of biogeochemical models are seldomly used

(Mattern et al., 2013; Hemmings et al., 2015; Schartau et al., 2017; Skákala et al., 2023; Buchanan et al., 2025). Here, we75

emulate an impact indicator defined as the annual mean Net Primary Production (NPP), in grams of carbon per year, summed

over an offshore area off the Gulf of Lion located in the North-Western Mediterranean basin. NPP is the total rate of organic

carbon production by photosynthesis of marine phytoplankton minus their respiration (Sigman and Hain, 2012).

Phytoplankton plays an invaluable role: it is at the basis of marine food webs, controlling the energy available to upper

trophic levels, and it produces around 50% of the oxygen on Earth. Climate change is expected to impact phytoplankton.80

Indeed, the expected decrease of vertical mixing in the ocean, which brings nutrients to the photic zone during winter (surface

layer of the ocean that receives sunlight), may reduce primary production (Mora et al., 2013; Hutchins and Tagliabue, 2024;

Pagès et al., 2020). Between 1990s and 2090s, a global reduction of NPP is expected ranging from −2.0% to −8.6% under

RCP2.6 (low emissions scenario) and RCP8.5 (very high emissions scenario), respectively (Bopp et al., 2013). In the western

Mediterranean basin, projections of primary production remain uncertain: some studies expect a decrease (Macias et al., 2015;85

Richon et al., 2019; Pagès et al., 2020) while others expect an increase (Herrmann et al., 2014; Moullec et al., 2019). Therefore,

a better characterization of the various sources of the projection uncertainty seems required to hope to deliver more robust
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results concerning the future evolution of phytoplankton under a changing climate at this regional scale. Our study targets to

contribute to this general long-term scientific objective with application outside the biogeochemical modelling field.

This paper is organized as follows. Section 2 presents our data. Section 3 explains our methodology. Results, discussion and90

conclusions are introduced in Sects. 4, 5 and 6 respectively.
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Figure 1. Overview of our approach. Left: an equation, mapping each year climate impact indicators to the impact indicator, is discovered

with the historical period and the scenario RCP8.5. Right: the equation predicts the impact indicator for the scenario RCP4.5.

2 Data

In this study, we focus on an offshore area off the Gulf of Lion (Fig. 2) in the North-Western Mediterranean basin. This gulf is

one of the most productive areas in the Mediterranean Sea (Bosc et al., 2004) in terms of primary production: the production

of organic matter by phytoplankton photosynthesis (Sigman and Hain, 2012). This productivity is fueled by nutrients coming95

from winter vertical mixing and high discharge of the Rhone river (Auger et al., 2011, 2014; Many et al., 2021). We use a

coupled regional climate model (Sect. 2.1) on a historical period (1986-2005) and two RCP scenarios (2006-2099) to drive a

biogeochemical model of the Mediterranean Sea (Sect. 2.2). Based on the outputs of both models, climatic impact-drivers and

indicators (Sect. 2.3) are computed in the studied region.
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Figure 2. Ocean bathymetry (in m) of the regional climate model CNRM-RCSM4 over the Mediterranean Sea. In this study, we focus on an

offshore area off the Gulf of Lion (highlighted in red) which is located in the North-Western Mediterranean basin.

2.1 The regional climate model CNRM-RCSM4100

CNRM-RCSM4 is a fully-coupled regional climate model dedicated to the study of the Mediterranean climate and sea (Sevault

et al., 2014). It simulates at high-resolution the main components (atmosphere, ocean, land, rivers) of the Mediterranean

regional climate system and their interactions at high-frequency (daily). The ocean component of the model that will be mostly

used in the study has a horizontal resolution of 1/8o (6 to 12 km), a vertical resolution of 43 vertical levels (levels ranging from

6 m at the surface to 200 m, see Fig. 2), and a time step of 20 minutes. Lateral boundary conditions for the atmosphere and105

the Atlantic ocean comes from the general circulation model CNRM-CM5 (Voldoire et al., 2013), one of the GCM involved in

CMIP5 (5th generation of the Coupled Model Intercomparison Project). Ocean boundary conditions were de-trended from the

152-year control run trend, and un-biased using the 1960-2005 temperature and salinity means of the NEMOVAR-COMBINE

reanalysis (Balmaseda et al., 2010). Simulations are run for two periods: a historical period (1986-2005) during which the

forcings (e.g. greenhouse gas concentrations) are based on observations and a projection period (2006-2099) in which the110

forcings follow socio-economic prospective scenarios. Projections are available for two scenarios: a moderate (RCP4.5) and

a high (RCP8.5) emission scenario. For details on this model, we refer to Sevault et al. (2014). CNRM-RCSM4 is one of the

coupled regional climate model contributing to the international initiative Med-CORDEX (Ruti et al., 2016), Evaluation of

the historical simulation and description of the future projections can be found in Darmaraki et al. (2019); Soto-Navarro et al.

(2020); Parras-Berrocal et al. (2024). In addition, the historical and RCP8.5 simulations have been already used to drive impact115

models (Moullec et al., 2019; Pagès et al., 2020; Fabri-Ruiz et al., 2024).
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2.2 The biogeochemical model Eco3M-MED

Eco3M-MED is an ocean biogeochemical model mainly dedicated to the Mediterranean Sea (see Baklouti et al., 2021, and

references within). This model is based on differential equations describing mechanistically fluxes and transformations of

biogeochemical components. Several organic components are accounted for: two phytoplankton compartments (large, small),120

three zooplankton compartments (copepods, ciliates, heterotrophic nanoflagellates), a compartment of heterotrophic bacteria,

and a pool of dissolved organic matter. Inorganic components are also represented: nutrients (nitrate, ammonium, phosphate),

as well as two compartments of detrital particulate matter (small and large particles). Organisms are represented in terms of

biomass and abundance, which makes it possible to regulate process rates through intracellular quotas and ratios of biogenic

elements. The Eco3M-MED has been driven by the regional climate model CNRM-RCSM4 for the historical period (1986-125

2005) and the two RCP projections (RCP4.5 and RCP8.5 over 2006-2099). For more details about the evaluation on the

historical period, we refer to Pagès et al. (2020).

2.3 Climate indicators and the impact indicator

Here, an indicator denotes the spatio-temporal average of a variable. Spatially, all indicators are averaged over the whole study

area and the entire water column. Temporally, the impact indicator, the net primary production (NPP), is averaged over a year130

starting in December, because it marks the start of a new "biogeochemical year" as winter mixing often induce a "reset of the

biogeochemical memory" in the surface layer. For instance, the NPP in 2000 is the average from the 1st of December 1999 to

the 31st of November 2000. Climate indicators are averaged yearly and seasonally (winter, spring, summer, autumn). In total

we have 115 climate indicators: each one of all different variables of CNRM-RCSM4 (23 variables in total) are averaged yearly

and seasonally. In Figure 3, we illustrate one climate indicator (sea surface temperature in spring) and the impact indicator of135

our application (annual net primary production) for the historical period (1986-2005) and the two RCP scenarios (2006-2099).
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Figure 3. Left: an example of a climate indicator (sea surface temperature in spring in the study area). Right: the impact indicator of our

application (annual net primary production in the study area). Colored dots correspond to their values for the historical period (1986-2005)

or two RCP scenarios (2006-2099). Colored lines show averages with a sliding window of 30 years, while standard deviation is shaded.

6

https://doi.org/10.5194/egusphere-2026-1991
Preprint. Discussion started: 12 May 2026
c© Author(s) 2026. CC BY 4.0 License.



3 Methodology

3.1 Symbolic regression

SR is a regression in a space F of equations with a simple input–output relationship (Camps-Valls et al., 2023). This equation

space F is often defined by the combination of primitive operations. For instance, if we combine together the operations +, −,140

and × then F contains polynomials of arbitrary degree in x such as 2×x2−x+1. In other words, SR optimizes the structure

of the equation, which is composed of primitive operations. Nevertheless, due to the large space F , SR is an NP-hard problem

(Virgolin and Pissis, 2022), i.e. some instances of the SR problem cannot be solved in polynomial time. This is the reason why

existing SR algorithms are generally based on heuristics, such as genetic algorithms, that do not guarantee optimality. In the

literature, there exists two main classes of approaches to find approximate solutions. Discrete search methods rely on tree-based145

representation of equation to search for optimal equations using heuristics such as genetic programming (Koza, 1994; Schmidt

and Lipson, 2009), mixed-integer nonlinear programming (Cozad and Nikolaos, 2018; Cornelio et al., 2023), physics inspired

strategies (Wu and Tegmark, 2018; Udrescu and Tegmark, 2019), reinforcement learning (Petersen et al., 2019) or Markov

Chain Monte Carlo (Guimerà et al., 2020). Continuous search methods use sparse regression to solve a relaxation of SR based

on a large but fixed library of equations defined manually (McConaghy, 2011; Brunton et al., 2016) or within a neural network150

(Martius and Lampert, 2016; Sahoo et al., 2018). In this study, we rely on a discrete search method called PySR (Cranmer,

2023), due to its flexibility and high success rate in benchmarking tests (de Franca et al., 2024). For more details on PySR, we

refer to App. A.

3.2 Interpretable symbolic regression

Most SR methods rely on the length of the equation as a proxy for interpretability, even if the assumption that shorter equa-155

tions are more interpretable is not always valid (Yu et al., 2025). Indeed, short equations with complex internal structure, i.e.

containing nested equations and/or terms with multiple variables, can be difficult to analyze and interpret.

In this study, we only consider interpretable equations, i.e. without nested functions and/or cross terms, by restricting with

the PySR library the space of allowed equations F . Let x1, ... xn denote the features, i.e. potential variables of the equation

f(x1, ...xn). In Equation 1, we define the restricted space of equations F as the linear combination of interpretable terms from160

the set T , i.e. terms with at most one variable xi and where the function inverse, square and square root are at most used once:

F = {λ1 × t1 + ... + λl × tl | l ∈ N,λ1 ... λl ∈ R, t1 ... tl ∈ T } where T =

n⋃

i=1

{xp
i |p ∈ {−2,−1,−1

2
,0,

1

2
,1,2}} (1)

For example, 2x1 +3
√
x2 ∈ F and 4x2

1 +
5
x2

∈ F and 6√
x1

+ 7
x2
2
∈ F , while x1 ×x2 /∈ F and x3

1 /∈ F and x
1/4
1 /∈ F .

Any equation from this restricted space F can be easily analyzed. For instance, we can assess that the variable xi in the term

λ×xp
i has a positive contribution if λ > 0, while it has a negative contribution if λ < 0.165
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3.3 Validation schemes

Each validation scheme requires two sets (train set, validation set) and consists of two steps. First, 500 sets of hyperparameters

of PySR are sampled randomly (App. B) and for each set of hyperparameters, one equation f ∈ F is discovered on the train set

using interpretable symbolic regression with the PySR library (Sect. 3.2). Then, among these 500 equations, we select only the

equation f∗ minimizing the prediction error on the validation set, i.e. the root mean squared error between the predicted impact170

indicator and the reference impact indicator. In this article, f∗ is referred to as the validated equation, and its performance is

evaluated on our test set: the scenario RCP4.5.

In total, we run 9 different validation schemes. For every scheme, the discovery period (historical period and RCP8.5) is split

between a train set and validation set. The 9 different schemes result from the combination of 3 different splitting strategies and

3 sizes for the validation set. On the one hand, the validation set represents either 20%, 25% or 30% of the discovery period.175

On the other hand, the validation set is either chosen at the center of the discovery period (around 2042), sampled randomly,

or sampled randomly based on quantiles. For the latter method, datapoints of the discovery period are first sorted based on the

values of the impact indicator, then split into bins, and finally one validation datapoint is sampled from each bin.

4 Results

4.1 Overview of validated equations180

Table 1 shows the validated equations, i.e. the equations selected for each of the 9 validation schemes. These 9 equations contain

only linear terms, even if other operations are allowed (Eq. 1) such as square, square root, inverse. Given enough samples for

the random search, we would expect these 9 equations to converge toward a unique mechanistic equation. However, we observe

that all discovered equations are different.

Figure 4 illustrates the prediction performance (on the validation and test sets) for the nine validated equations of Table 1.185

It also shows the performance of the equation discovered using interpretable symbolic regression with the default set of hy-

perparameters of PySR. For each validation scheme, as expected, we observe that the prediction error on the validation set is

always smaller for the validated equation (optimized on this set) than for the baseline equation. On the test set, we find that

six times out of nine, the prediction error is smaller for the validated equation. The best prediction error on the test set (root

mean squared error equal to 1.59) is obtained with the validated equation of the validated scheme "20% selected by quantile190

binning". Overall on the test set, the performance of the validated equation is often not significantly better than the baseline

(three validated equations perform worse than a baseline). This is likely due to the fact that validation sets, which contain be-

tween 23 (20%), and 35 (30%) datapoints, are always too small. In the literature, validation schemes are rarely used to discover

equations. Here, we show that such scheme can in a majority of cases lead to improved performance than baseline, but is not

guaranteed to. For the 3 validation sets "at the middle", i.e. when the equation is optimized to interpolate (predict years with a195

moderate warming based on years with a low and high warming), the performance on the test is always better than the baseline.
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Validation set Validated equation, i.e. Equation selected by the validation scheme

20% of random −34MWSAnnual +9SSSAnnual − 3SSTMAM +15SSSHMAM +001SPMAM − 03THJJA +261097upVeloMAM +452

20% of quantile with binning −36MWSMAM +6SSSMAM − 1SSTDJF

20% of middle 12SSSMAM − 1.8SSTDJF − 2SSTMAM +0.1ShortwaveDJF +5StratIndexMAM +789

25% of random −38MWSAnnual − 20MWSMAM +6SSSAnnual − 1SSTAnnual +157ZonCurSON

25% of quantile with binning 8SSSMAM − 2SSTDJF − 1.8SSTMAM +21SSSHDJF +0.1ShortwaveDJF +888

25% of middle 10SSSMAM − 3SSTDJF − 2SSTMAM +0.1ShortwaveDJF +5StratIndexDJF +925

30% of random 7SSSMAM − 1SSTMAM

30% of quantile with binning 8SSSMAM − 1SSTMAM +0.1ShortwaveDJF

30% of middle −4NSHFMAM +9SSSMAM − 4SSTDJF +0.1ShortwaveDJF +4StratIndexDJF +880

Table 1. Equations selected for the 9 different validation schemes. Each variable in the equation is written as VariableNamePeriod where

VariableName represents a short name for the climate variable (App. C) and Period is the season when the average is computed, which

can be Annual, winter (DJF), spring (MAM), summer (JJA), or autumn (SON). SSS and SST respectively refer to sea surface salinity and

temperature. Shortwave refers to the net downward shortwave flux at the sea surface, MWS to the meridional wind stress, Stratindex to the

stratification index, TH to the net downward total heat flux, SSSH to the sea surface steric height, SP to the surface pressure, upVelo to the

upward velocity, ZonCur to the zonal current, NSHF to the net surface heat flux. For more details on the physical unit we refer to App. C.
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default set of hyperparameters of PySR, the root mean squared error is displayed with a black dot.
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4.2 Analysis of validated equations

The proposed definition of interpretable equation (Sect. 3.2) makes it possible to directly analyze any discovered equation.

Due to the lack of convergence to a unique mechanistic equation, we decided to analyze together all the equations found for

the 9 different validation schemes (Tab. 1). In practice, we observe that these equations are linear even though they could have200

contained more complex terms. Thus, any equation f can be rewritten as f(x) = f(x1, ...,x135) = λ0 +
∑135

i=1λixi, where

λi = 0 if the climate indicator xi does not appear in the equation. If λi > 0 the climate indicator xi has a positive contribution

to the predicted value, while it has a negative contribution if λi < 0. Furthermore, for any equation f and input xy for the year

y, we can compute the relative contribution of the i-th climate indicator as RCi(f,xy) = 100×
∣∣∣ λixi

f(xy)

∣∣∣, which indicates the

percentage of absolute contribution to the predicted value. In practice, we consider the relative contribution RC1986−2099
i (f)205

for the historical period and scenario RCP8.5 (1986-2099), i.e. RC1986−2099
i (f) = 1

114

∑2099
y=1986RCi(f,xy).

In Figure 5, bars illustrate the contribution of climate indicators based on the 9 equations of Table 1. For each indicator

xi, the color of the bar shows RC1986−2099
i (f) averaged on all equations f where the indicator is involved. Then, the rate of

equations where the indicator is involved (out of 9) is represented with the length of the vertical bar. Finally, the direction of

the bar (up or down) highlights the sign (positive or negative) for the contribution of the indicator to the predicted value.210
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Figure 5. Contribution of climate indicators based on the 9 equations of Table 1. Each climate indicator is associated with a vertical bar.

Its length corresponds to the rate of equations where this indicator is involved, while its direction (below or above a horizontal black line)

indicates whether the contribution of this indicator is positive or negative. The color of the bar shows the relative contribution for the historical

period and scenario RCP8.5, i.e. RC1986−2099
i (f), averaged on all equations f where the indicator is involved. SSS and SST respectively

refer to sea surface salinity and temperature. Shortwave refers to the net downward shortwave flux at the sea surface, MWS to the meridional

wind stress, Stratindex to the stratification index, TH to the net downward total heat flux, SSSH to the sea surface steric height, SP to the

surface pressure, upVelo to the upward velocity, ZonCur to the zonal current, NSHF to the net surface heat flux.
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We find that four climate indicators are in a majority of the 9 equations of Table 1. On the one hand, SSTMAM and SSTDJF,

the sea surface temperature in spring and in winter, have both a negative contribution to the predicted value and an average

relative contribution roughly equal to 35%. On the other hand, SSSMAM the sea surface salinity in spring and ShortwaveDJF,

the net downward shortwave flux in winter, have both a positive contribution but with a different average relative contribution:

30% for SSSMAM and less than 1% for ShortwaveDJF. For a visualization of these indicators, we refer to App. E.215

4.3 Final equation based on validated equations

Our objective is to find a single equation mapping climate indicators to the impact indicator and generalizing well in unexplored

climate scenarios. However, different validation schemes lead to different validated equations, and do not lead to the discovery

of a unique mechanistic equation (Sect. 4.1). After analyzing validated equations (Sect. 4.2), we observe that linear equations

are always preferred and that four climate indicators are considered in most validated equations: SSTMAM, SSTDJF, SSSMAM220

and ShortwaveDJF. Therefore, we choose to rely on a linear equation with these four identified climate indicators. We fit this

equation on the historical period (1986-2005) and the scenario RCP8.5 (2006-2099) and obtain:

Annual net primary production = 6.2SSSMAM − 0.086SSTDJF − 1.03SSTMAM +0.11ShortwaveDJF +106 (2)

Qualitatively, this equation can be interpreted physically. SSTMAM and SSTDJF have both a negative contribution to the annual

net primary production. Indeed, high sea surface temperatures are generally accompanied by more pronounced stratification225

of the surface layer, which reduces the efficiency of vertical mixing in the ocean. Yet this vertical mixing is the main source

of nutrient input into the photic zone far from the coast, and therefore has a significant influence on phytoplankton growth

and primary production. This explains, at least in part, the negative correlation between primary production and SST. Further-

more, vertical mixing cools the surface waters, and very cold surface waters generate convection and mixing. Both conditions

favor primary production, and provide another explanation for the negative correlation between SST and primary production.230

SSSMAM has a positive contribution because saltwater is denser and promotes convection and vertical mixing, which facilitates

the transport of nutrients from the depths to the surface and supports primary production. Finally, ShortwaveDJF has a positive

contribution, as solar energy is generally the factor that most limits photosynthesis and primary production in winter.

Quantitatively, we provide various metrics to diagnose the quality of this equation. In Figure 6, we compare reference values

of our impact indicator against values predicted by the equation for both the discovery period and the test period. All metrics235

(root mean squared error, mean relative average error, detrended correlation) are comparable between the discovery period

(historical period and scenario RCP8.5) and test period (scenario RCP4.5). Root mean squared error and mean relative average

error are slightly smaller for the scenario RCP4.5. This is likely because this scenario contains less extreme values, which can

be hard to predict. For instance, six reference values are below 26 gC year−1 for RCP8.5 (Fig. 6 a), while no values are below

this threshold for RCP4.5 (Fig. 6 b). Overall, for both scenarios, every absolute error remains below 5 gC year−1, or below240

20% in terms of absolute relative error. Climatologically, we can compute the trend in average annual net primary production

between an historical period (1986-2005) and a future period (2080-2099) using a difference between the average value of
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these two periods. We observe that the decreasing trend is overestimated for RCP8.5 (predictions gives −11.78% while the

reference is −7.2%) and underestimate for RCP4.5 (predictions gives −4.96% while the reference is −6.13%). In Figure 6 c

and Figure 6 d, we illustrate the 30-years average computed with a moving time window of 30-years. We observe that the 30-245

years average of the prediction remains close to the 30-years average of the reference. Overall, our results show that the chosen

equation reproduces well the trend of the impact indicator over the period 2006-2100 for the scenario RCP4.5. The chosen

equation also reproduces well the year-to-year correlation (YC) for the scenario RCP4.5: YC equals 0.35 for the reference and

0.4 for the prediction. However, YC is largely overestimated for the historical period and scenario RCP8.5: YC is 0.48 for the

reference and 0.74 for the prediction.250
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Figure 6. The comparison of predicted values by Eq. 2 with the reference values is illustrated with (a, b) time series plots and (c, d) scatter

plots. This comparison is provided for two periods: (a, c) the historical period and scenario RCP8.5, and (b, d) the scenario RCP4.5. Several

metrics are displayed: the root mean squared error (RMSE), the mean relative average error (MRAE), the detrended correlation (COR).
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5 Discussion

5.1 Data

In this study, numerical models (Sect. 2.1 and 2.2) are run at the scale of the whole Mediterranean Sea, while climate indicators

and the impact indicators are aggregated over an offshore area off the Gulf of Lion. Practically, we choose to focus on such

area because it seems too difficult to find an equation, based on climate indicators at the scale of the whole Mediterranean Sea,255

that can predict the aggregated primary production of regions with widely different biogeochemical context (D’ortenzio and

Ribera Dalcaì, 2009). Thus, we focus on one of the most productive areas in the Mediterranean Sea where the biogeochemical

mechanisms are likely more homogeneous, even if studying only such a restricting area could have its limits as changes in

primary production can be driven by internal production as well as by external production advected inside the area. Thus, as

a potential extension, primary production for the whole Mediterranean Sea could be estimated by discovering one equation260

for each of its different bioregions. In detail, here we did not focus on the Gulf of Lion, but on an offshore area (Fig. 2) that

excludes the coast where physical and biogeochemical phenomena are more complex. To study such coastal areas, we would

need both a more detailed spatial resolution and a precise account for nutrients coming as runoff (set as a monthly climatology

in the biogeochemical simulations), as well as consideration of interactions with the ocean floor.

5.2 Methodology265

In this article, we propose to discover an "input-output" equation (Song et al., 2024), mapping each year climate indicators to

the impact indicator. To our knowledge, this approach is a promising innovation that could pave the way to develop simple

emulators for other climate impact studies. However, here, we implicitly assume that impact indicators of two successive years

are independent. For the primary production, it is not a far-fetched hypothesis, because winter mixing may induce a "reset of

the biogeochemical memory" in the surface layer. In particular, the studied area is known to have the most intense mixing in the270

Mediterranean Sea. This is the reason why we extract indicators on years that start in December at the beginning of the winter

(Sect 2.3). In practice, we note that other starting months could have been considered, e.g. September, without changing the rest

of our methodology. It is worth noting that the winter mixing is expected to decrease in the Gulf of Lion with global warming

(Somot et al., 2006; Parras-Berrocal et al., 2024). In practice, this independence assumption is likely exaggerated because the

Pearson correlation equals 0.48 between impact indicators of two successive years, which indicates a moderate correlation. For275

other impact variables, this hypothesis (independence between two successive impact indicators) may not hold, which limits

the range of applicability of our approach. If successive impact indicators are highly dependent, one potential solution would

be to learn an equation representing the dynamic. For instance, Berthold et al. (2025) rely on another symbolic regression (SR)

library called SINDy (Brunton et al., 2016) to identify environmental drivers involved in differential equations that represent

how phytoplankton bloom patterns evolve. Interestingly, in the same way than our approach in Sect. 4.2, this study also relies280

on SR to quantify the contribution (positive or negative) of variables to the target (see Fig. 3 and Tab. 1 of Berthold et al. 2025).

Otherwise, SR methods are often designed for large amounts of data, i.e. at least a few hundred to a few thousand data points

(Camps-Valls et al., 2023). Here Eq. 2 is fitted on 114 datapoints: the historical period (1986-2005) and the projection period
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(2006-2099). For future application, to have more datapoints, we advise to start the historical run in 1950. Preliminary results,

with other machine learning models, suggested that the most extreme scenario (RCP8.5 in our case) should be preferred for285

discovering the equation, likely because it spans a wider range of climate states.

Our final equation (Eq. 2) is a linear equation with four variables. Such an equation could have probably been obtained with

simpler approaches, e.g. linear regression combined with feature selection or with L1 regularization. However, the advantages

of our approach is that we do not assume any linearity, and allow also for non-linear terms in the final equation.

5.3 Results290

SR is viewed as a tool that discovers physical law from a few hundred to a few thousand data points with 1-10 input variables

(Camps-Valls et al., 2023). In the case of smaller datasets with hundreds of variables, we suggest that it should be viewed as

an empirical tool aiming at approximating an equation as good as possible. Indeed, in Table 1 we observe that all equations are

different. This diversity of discovered equations, i.e. lack of convergence, is because no equation can predict exactly the impact

indicator based on chosen climate indicators, which is likely due to the small number of datapoints for the validation schemes.295

The relatively small number of iterations (between 10 and 1000 see App. A) could also explain this lack of convergence. In

practice, in our early experiments, large numbers of iterations often led to overfitting due to the small number of datapoints.

This is the reason why we restricted the number of iterations around the default number of iterations for PySR (100 iterations),

and why the small number of datapoints may be the root cause for the diversity of discovered equations.

In our results, we exemplify how SR can be used to identify four climate indicators that correlates well with the impact300

indicator. Two of these four indicators are in winter, while the other two are in spring. This result matches well the seasonal

repartition of annual net primary production in the studied area which indicates that more than 60% of the production occurs in

winter and spring (App. D). More generally, this result might indicate that, in the studied area, annual primary production does

not depend only on winter preconditioning (nutrient supply through winter mixing), but also on spring conditions (production

seems to correlate well with the salinity and temperature at the sea surface). Thus, equation discovery makes it possible to both305

validate existing knowledge (winter preconditioning) and provide novel links (spring conditions also influence the bloom).

Our final equation (Eq. 2) is directly interpretable physically. SSTMAM and SSTDJF are negatively correlated with the annual

net primary production, while SSSMAM and ShortwaveDJF are positively correlated. As explained in Sect. 4.3, the explanation

for ShortwaveDJF is straightforward because it is the factor that most limits photosynthesis and primary production in winter.

Besides, SSTMAM and SSTDJF are likely negatively correlated (positively correlated for SSSMAM) with an intense vertical310

mixing of the ocean, which brings nutrients to the photic zone. However, correlation does not imply causation. Thus we cannot

conclude whether each of these factors are a precursor or a result of an intense vertical mixing. Overall, we were surprised that

the mixed layer depth (MLD), i.e. a variable that characterizes the vertical mixing, was not selected in any validated equations

(Tab. 1). Thus, we could assume that here the SST and SSS indirectly integrate the MLD.

In Figure 6, we show that the predicted 30-years average matches well with the reference 30-years average. This is likely315

because the equation is found by optimizing the root mean squared error (the default loss for the library PySR). The main

drawback of such optimization is that extreme values are often not well predicted by the equation. Specifically, in our case,
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we observe that the linear equation underestimates the interannual variance of the reference dataset (Fig. 6). Thus, for studies

aiming at predicting well extremes or the interannual variance, we would advise to change the optimization loss of PySR.

6 Conclusions320

We propose an application of automatic equation discovery, also known as symbolic regression (SR), for climate impact.

Specifically, we describe a novel task: learning with a single scenario an equation that maps each year climate indicators (list

of yearly and seasonally-averaged climate model variables) to an impact indicator (a scalar computed from the outputs of an

impact model). Our contribution is to propose methodological guidelines, and to illustrate them with a case study.

For the offshore area considered in our study, we show that equation discovery makes it possible to validate existing knowl-325

edge, such that the importance of winter mixing as a precondition for spring bloom, and to understand novel links: spring

conditions also influence the bloom, sea surface temperature and salinity can be used to approximate the annual production.

Many potential extensions of this work could be envisioned. First, our methodology should integrate a quantitative assess-

ment of its predictive uncertainty, as such information is needed for high-stakes decisions. Then, we could extend our approach

to emulate a chain of several models such as climate impact chains which are composed of three models: a global climate330

model, a regional climate model, and an impact model. Finally, our methodology assumes that impact indicators of two suc-

cessive years are independent. This assumption limits its range of applicability. Instead, a potential solution would be to learn

the dynamic, i.e. discover the ordinary differential equation that drives the impact indicators. Therefore, the challenge would

be to adapt existing equation discovery approaches for dynamical systems (Bongard and Lipson, 2007; Schmidt and Lipson,

2009; Brunton et al., 2016) to our data-scarce context.335
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Appendix A: More details on the library PySR for symbolic regression

Let D = {(x(i),y(i))|i= 1, ...,m} represent a regression dataset with m samples, where x(i) ∈ Rn are the features for the i-th

sample, and y(i) ∈ R is the target. The objective of SR is to determine an equation f∗ ∈ F that strives for an optimal balance345

between accuracy, characterized by the empirical error l(f) = 1
m

∑m
i=1(f(x

(i))− y(i))2, and complexity c(f). In statistical

learning, c(f) generally corresponds to L2 or L1 regularization, i.e. estimated coefficients of the equation f are constrained

towards zero in order to promote sparsity: f should be as simple as possible but not simpler. By contrast, for the task of SR,

the complexity c(f) can have many different definitions (Smits and Kotanchek, 2005; Kommenda et al., 2015; Udrescu et al.,

2020). The library PySR has an intuitive definition of complexity: each coefficient, variable and operator in the equation f350

counts as 1 of complexity. In other words, if we represent the equation as a tree, then complexity equals the number of nodes

in the tree.

PySR is based on an algorithm that iteratively builds a Pareto-optimal set of equations containing the most accurate equation

at each complexity. Specifically, it proceeds in two steps: i) estimation of a Pareto-optimal set of equations {fC1 ,fC2 , ...,fCP
}

where each equation fCi minimizes the empirical error for the complexity Ci ii) selection of a single equation from this set.355

In Figure A1, we illustrate a Pareto-optimal set of equations {f1,f3,f5,f7,f9} estimated with PySR on data generated with

the equation x2 +2×x+3. We observe that the empirical error decreases with complexity, until the complexity 9 where the

error reaches zero because PySR finds the equation that generated the data. Many insights can be gained by analyzing such

Pareto-optimal set of equations (Smits and Kotanchek, 2005; Udrescu et al., 2020; Ross et al., 2023; Beucler et al., 2024b).
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Figure A1. Example of a Pareto-optimal set of equations estimated with PySR on data generated with the equation x2+2+3. The empirical

error l(f) is the mean squared error, while the complexity c(f) is the total number of coefficients, operators, variables in the equation f . By

definition, since this set of equations is Pareto-optimal, the error l(f) decreases with the complexity c(f).
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Appendix B: Random sampling of hyperparameters for PySR360

For each validation scheme, 500 sets of hyperparameters of PySR are sampled randomly. Each set of hyperparameters contains

29 hyperparameter values {θ1, ...,θ29} that parametrize the algorithm of PySR, e.g. θ1 is the number of iterations. For details on

the 29 other chosen hyperparameters we refer to our code https://github.com/lerouxerwan/EquationDiscoveryForClimateImpact.

In practice, to sample a set of hyperparameters, we sample independently 29 hyperparameter values. Specifically, if θ is the

default hyperparameter value of PySR, we sample values with a log-scaled uniform distribution on the interval [ θ
10 , 10× θ].365

Hyperparameter Range of values Hyperparameter Range of values

maxsize [13, 40] fraction replaced hof [0.0061, 0.614]

warmup maxsize by [0.1, 1.0] weight add node [0.247, 24.7]

populations [2, 310] weight insert node [0.0011, 0.112]

population size [17, 44] weight delete node [0.087, 8.7]

ncycles per iteration [38, 3800] weight do nothing [0.0273, 2.73]

topn [2, 20] weight mutate constant [0.0035, 0.346]

optimizer f calls limit [1000, 100000] weight mutate operator [0.0293, 2.93]

optimize probability [0.1, 1.0] weight swap operands [0.0198, 1.98]

tournament selection p [0.1, 1.0] weight rotate tree [0.426, 42.6]

tournament selection n [2, 20] weight randomize [0.0001, 0.005]

weight optimize [0.1, 1.0] weight simplify [0.0002, 0.0209]

maxdepth [2, 10] crossover probability [0.0026, 0.259]

niterations [10, 1000] perturbation factor [0.0129, 1.29]

adaptive parsimony scaling [104.0, 10400.0] probability negate constant [0.0007, 0.0743]

fraction replaced [0.0, 0.0036]
Table B1. The 29 hyperparameters of PySR (and their range of values) that are considered for each validation scheme (Sect. 3.3).
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Appendix C: Climate variables

Name Abbreviation Unit

Potential Temperature oC

Potential Density kg/m3

Salinity kg/m3

Upward Velocity upVelo m/s

Vertical Eddy Diffusivity m2/s

Zonal Current ZonCur m/s

Zonal Wind Stress N/m2

Meridional Current m/s

Meridional Wind Stress MWS N/m2

Sea Surface Temperature SST oC

Net Downward Total Heat Flux TH W/m2

Net Downward Shortwave Flux Shortwave W/m2

Net Upward Water Flux mm/s

Sea Surface Thermosteric Height m

Sea Surface Steric Height SSSH m

Sea Surface Height m

Sea Surface Salinity SSS kg/m3

Surface Salt Flux Kg/m2/s

Mixed Layer Depth m

Net Surface Heat Flux NSHF W/m2

Baroclinic Dynamical Height m

Surface Pressure SP Pa

Stratification Index StratIndex s−1

Table C1. The 23 climate variables of CNRM-RCSM4 that are considered to design climate indicators (Sect. 2). In total we have 115 climate

indicators: one for each of the 5 periods (year, winter, spring, summer, autumn) and all 23 climate variables. For visual clarity, we do not

define abbreviations (the field is left empty) for variables that were not found in any of the 9 validated equations (Tab. 1)
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Appendix D: Seasonal repartition of annual net primary production
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Figure D1. Seasonal repartition of annual net primary production in the studied area, i.e. an offshore area off the Gulf of Lion
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Appendix E: Four climate indicators identified from validated equations

In Figure E1, we represent the time series of the four indicators that are in a majority of the 9 equations of Table 1. Sea

surface temperatures in winter (Fig. E1 c) and spring (Fig. E1 b), which inversely contributes to the predicted value, are370

expected to increase. By contrary, the sea surface salinity in spring (Fig. E1 a), that positively contributes to the predicted

value, is expected to decrease from 2040. Finally, the net downward shortwave flux in winter (Fig. E1 d), that also contributes

positively, is expected to slightly increase with an important year-to-year variability.
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Figure E1. Time series of the four climate indicators that are in a majority of equations from Table 1. Indeed, (a) the sea surface salinity

in spring, (b) the sea surface temperature in spring (c) the sea surface temperature in winter (d) the net downward shortwave flux are in 7,

6, 5, and 5 equations, respectively. Annual values (dots) are shown for the historical period and scenarios RCP4.5 and RCP8.5. For these

scenarios, 30-years average (line) and standard deviation (shaded area) are also shown.
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