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15
Abstract16
Artificial Intelligence (AI) holds transformative potential for Earth System Science (ESS), yet its17
adoption is hindered by the interpretability gap of black-box models. Explainable AI (XAI)18
addresses this limitation by enhancing model transparency and enabling human-AI collaboration.19
This review provides an accessible introduction to XAI for ESS researchers, aiming to promote20
broader AI adoption by clarifying interpretability and addressing common misconceptions. We21
survey core XAI methodologies and their applications across ESS, highlighting their roles in22
model interpretation, model development, and scientific discovery. We further identify key23
challenges, including methodological limitations, compatibility issues, inadequate validation, and24
propose integrative solutions. To bridge the XAI-ESS gap, we advocate for co-designed25
frameworks that incorporate domain knowledge, causal inference, and human-centered interfaces.26
We anticipate that future advances will yield more faithful, efficient, and deeply integrated XAI27
tools, ultimately strengthening ESS research through reliable AI-enabled insights.28
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1. Introduction33
Earth System Science (ESS) is an interdisciplinary field that seeks to understand the interactions34
among the atmosphere, hydrosphere, biosphere, geosphere, and human activities as a coupled,35
dynamic system (Schellnhuber, 1999; Steffen et al., 2020). ESS exhibits nonlinear feedback loops,36
multi-scale processes (from microbial interactions to global climate patterns), and emergent37
behaviors that defy simple mechanistic explanations (Heimann and Reichstein, 2008). Moreover,38
the sheer volume and heterogeneity of Earth observation data, spanning satellite remote sensing,39
in-situ measurements, and model simulations exacerbates difficulties in extracting actionable40
insights (Mahecha et al., 2020; Montero et al., 2024; Rojas et al., 2024; Vance et al., 2024). These41
challenges have historically constrained the depth of domain-specific knowledge, leaving critical42
gaps in our understanding of processes such as cloud-aerosol interactions (Li T et al., 2025),43
permafrost carbon feedbacks (Song C et al., 2024), and regional hydrological extremes (McMillan44
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et al., 2025).45
Artificial Intelligence (AI) and Machine/Deep Learning (ML/DL) have revolutionized ESS by46
enabling data-driven discovery at unprecedented scales (Reichstein et al., 2019). These techniques47
excel at identifying patterns in high-dimensional, noisy datasets, making them invaluable for tasks48
where traditional physics-based models struggle. Notable applications include AI-based weather49
models that surpass numerical forecasts in precipitation nowcasting (Sun T et al., 2022),50
high-resolution soil mapping through multi-source data fusion (Wadoux et al., 2020; Khose and51
Mailapalli, 2024), and automated cloud regime classification (Zhang J et al., 2018;52
Segal-Rozenhaimer et al., 2020). However, the critical nature of ESS applications from weather53
warnings to long-term climate policy precludes treating ML/DL as a black box. Interpretability is54
essential for ensuring model robustness, accountability, and the generation of actionable scientific55
insights (McGovern et al., 2023, 2024; Eyring et al., 2024; Robert Maier et al., 2024; Gilbert and56
Zengler 2025).57
Explainable AI (XAI) has emerged as a vital discipline to enhance the interpretability of complex58
ML/DL models. Methods such as Class Activation Mapping (CAM), SHapley Additive59
exPlanations (SHAP), and Local Interpretable Model-agnostic Explanations (LIME) help60
elucidate the mechanisms underlying model predictions by identifying influential features, causal61
drivers, and underlying relationships. Within ESS, the role of XAI extends beyond model62
transparency: it serves to validate physical consistency, ensuring that AI-derived outputs conform63
to established dynamic laws (Lyu and Yong, 2025; Mallik et al., 2025). Furthermore, XAI64
provides mechanistic insights and aids in scientific discovery (Ham et al., 2023; Li W et al., 2022;65
Peng Z et al., 2024; Novielli et al., 2025).66
A persistent disconnect exists between the ESS and XAI communities. XAI-ESS is a rapidly67
growing field, yet it remains at an early stage of development. The adoption of XAI-ESS often68
remains superficial, with tools applied without sufficient adaptation to domain-specific challenges.69
ESS scientists may lack the technical background to critically evaluate XAI methodologies.70
Conversely, XAI developers seldom prioritize ESS requirements, such as handling spatiotemporal71
dependencies and non-stationary data distributions. This misalignment introduces uncertainties: (a)72
overinterpreting post-hoc explanations by equating feature importance with physical causality73
(Aas et al., 2021; Hooker et al., 2021; Krell et al., 2025) or overlooking spatial auto-correlation74
artifacts (Chen C et al., 2024; Ke E et al., 2025); (b) generating explanations not readily actionable75
for scientific discovery (Cho and Ackom 2025); (c) obtaining unreliable insights from XAI when76
models exhibit instability under distribution shifts; and (d) neglecting domain constraints. Without77
bridging this gap, the promise of XAI in ESS risks being undermined by unverified assumptions78
and unreliable outputs.79
In this review, our primary goal is to elucidate XAI methodologies for the broader ESS80
community by providing a comprehensive overview of their current applications. We aim not only81
to highlight their remarkable achievements in advancing ESS development, but also to explore the82
challenges and opportunities that lie ahead. Specifically, this paper is organized as follows:83
(1) Section 2 provides a brief technical overview of classical and common XAI methods, along84
with a comparative analysis of their strengths and weaknesses.85
(2) Section 3 presents a comprehensive summary of the diverse applications of XAI to different86
goals in the ESS, detailing how XAI helps to communicate model decisions, diagnose and87
improve models, and uncover scientific insights.88



(3) Section 4 summarizes the typical challenges encountered in integrating XAI into the ESS, as89
well as possible solutions aimed at efficient and effective use.90
(4) Section 5 examines the future outlook for XAI in the ESS, exploring expected developments,91
emerging trends, and potential areas of research and application that have not yet been explored.92
We outline recommended reading priorities in Table 1, tailored to diverse backgrounds of93
practitioners and experts across ESS disciplines.94

Table 1 Recommended Reading Priorities for Different Audiences.95
ESS researchers who have different objectives for the review Reading priorities (sections)
Newcomers considering XAI in their research 2, 3.1 and 3.5, Appendix A

and B, Table S1 and S2
Forecasters who want to evaluate the quality of ML/DL
forecasting by XAI

3.1, 3.2, 4.1

Policymakers and regulators who want trustworthy and
responsible AI in climate policy making

3.1, 3.2, 4.1

ML/DL developers who need XAI to diagnose and debug the
AI model, or even use XAI to guide AI model building

2, 3.1, 3.3, 3.5, 4

ESS modelers who want to discover valuable underlying
processes in ESS from large data using ML

2, 3.1, 3.4, 3.5, 4, 5

Researchers often explaining complex phenomena (e.g.,
extreme hazards, climate attribution, and carbon fingerprint)
with observations and mechanisms

2, 3.4, 4, 5

XAI-ESS experts interested in the challenges and future
perspectives of XAI in ESS

4, 5

96
2. XAI Theory97

2.1 Definition, Approaches and Interpretative Forms98

Interpretability emphasizes the audience’s ability to comprehend the rationale behind AI decisions99
(Biran and Cotton 2017; Gunning et al., 2019, 2021; Murdoch et al., 2019; Minh et al., 2022). We100
refine the definition of XAI as: “methods that provide an audience with additional insights into an101
AI model’s internal logic, beyond the mere outputs”, as explanations should cater to the diverse102
audiences (Barredo Arrieta et al., 2020). The XAI methods and their taxonomies reviewed here103
are outlined in Table S1, Appendix A and Figure S1. Figure 1 illustrates several strategies (see104
Section 2.2) typically used to explain black-box ML/DL models. Figure 2 summarizes key XAI105
interpretative forms exemplified in soil moisture modeling: feature importance ranks variable106
contributions; pixel importance visualizes critical spatial areas; sequence importance identifies107
pivotal time periods; feature effect analysis reveals prediction responses to inputs; rule explanation108
translates decisions into logical statements; and model representation techniques delve into the109
internal mechanisms of ML/DL models.110

111



112
Figure 1 Approaches for explaining black-box AI models. (A) Perturbation-based methods113
explain models by perturbing their inputs and observing the resulting changes in the output,114
focusing on how inputs affect outputs. (B) Model representations that are predominantly115
model-specific, extracting relevant information directly from the model or data (e.g., visual116
attention, cell- and layer-level gradients, latent representations). This information is highly117

valuable but can be difficult to interpret. (C) Surrogate model methods involve constructing an118
inherently interpretable model to mimic the behavior of a complex ML/DL model. (D) Contrastive119
example methods often provide counterfactuals and rule-based explanations by comparisons. The120
abbreviations are: NN: Neural Networks; RF: Random Forest; PI: Permutation Importance; PDP:121
Partial Dependence Plots; SA: Saliency maps; IG: Integrated Gradients; SG: Smooth Gradients;122

EG: Expected Gradients; VAE: Variational Autoencoder.123
124
125
126

127



Figure 2 Interpretative forms of XAI and the questions they address. This example uses Soil128
Moisture (SM) prediction to demonstrate how different XAI approaches can explain the impact of129

Air Temperature (TA) on predictions in distinct ways.130
131

2.2 Explaining Black-box AI Models132

2.2.1 Perturbation-based Methods133
These methods interpret a model by systematically modifying input features and observing the134
corresponding changes in model predictions with others unchanged.135
(1) Feature Importance Measures136
These techniques quantify each feature’s contribution to a model’s predictions. Permutation137
Importance (PI, Fig. 1A; Fisher et al., 2021) measures contribution by randomly permuting feature138
values and measuring the resulting increase in prediction error. Similarly, Tree-based Feature139
Importance (TFI, Breiman, 2001) generates the contribution by aggregating impurity reduction140
across all splits in a tree ensemble when perturbing feature values. SHapley Additive exPlanations141
(SHAP, Lundberg and Lee 2017) rooted in cooperative game theory, assigns an importance value142
to each feature for a prediction. It calculates marginal contribution of features by perturbing143
different subsets of inputs and averaging the effect on the output. Extensions of SHAP are tailored144
for more complex model structures (Covert and Lee 2021; Yang J, 2022; Chen H et al., 2019).145
(2) Feature Effect Curves146
These curves visualize the functional relationship between a feature and the model’s prediction.147
Partial Dependence Plots (PDP, Fig. 1A; Friedman and Popescu 2001) show the average marginal148
effect of a feature on the prediction, while Individual Conditional Expectation (ICE, Goldstein et149
al., 2015) plots illustrate the prediction dependence for individual instances. Accumulated Local150
Effects (ALE, Apley and Zhu J 2020) plots are more reliable when features are correlated, as they151
compute conditional expectations to reduce bias.152
2.2.2 Surrogate Models153
These models use interpretable approximations to mimic the original complex model’s behavior154
while offering transparency (Fig. 1C). A leading method is Local Interpretable Model-agnostic155
Explanations (LIME, Ribeiro et al., 2016). It assumes that, for a specific prediction, the complex156
behavior in a ML/DL model can be represented by an interpretable model. This model is trained157
on a set of artificial samples, created by perturbing the original input within its local neighborhood,158
along with the complex model’s corresponding outputs (Guo W et al. 2018; Zafar and Khan, 2019;159
ElShawi et al., 2019).160
2.2.3 Model Representation Methods161
Model Representation (MR) methods extract and interpret latent representations of ML/DL162
models.163
(1) Tree-Based Model Interpreters164
Tools such as the Treeinterpreter package decompose prediction paths within tree ensembles (e.g.,165
random forests, XGBoost), attributing contributions to individual features along decision routes166
for each instance (Saabas, 2014).167
(2) Gradient-Based Attribution Methods168
These techniques use backward-propagated gradients to estimate feature importance (Fig. 1B).169
The foundational saliency maps (Simonyan et al., 2014) directly visualize gradient calculus.170
Guiding backpropagation (Springenberg et al., 2014) modifies gradient flow to enhance171



visualization. Input×Gradient (Shrikumar et al., 2019) amplifies the signal by weighting gradients172
with input values. Integrated Gradients (IG, Sundararajan et al., 2017) accumulates gradients173
along a path from a baseline to the input, a concept extended by Expected Gradients through174
integration over distribution baselines (Erion et al., 2021). SmoothGradients averages gradients175
computed from noise-perturbed inputs (Smilkov et al., 2017). Occlusion sensitivity also perturbs176
input to evaluate the impact on predictions (Zeiler and Fergus, 2014). Layer-wise Relevance177
Propagation (LRP, Bach et al., 2015) redistributes prediction relevance backward through the178
network layers based on specific propagation rules, independent of gradient flow or neuron179
smoothness assumptions. Further details on these methods are provided in Appendix B.180
(3) Attention Mechanisms and Activation-Based Visualization181
Attention mechanisms dynamically weight various input elements, indicating their relative182
importance or relevance (Vaswani et al., 2017). Methods such as CAM, Grad-CAM (Selvaraju et183
al., 2017) and their variants (Patro et al., 2019; Bany and Yeasin, 2021; Ibrahim and Shafiq, 2022)184
leverage convolutional feature maps to produce heatmaps that highlight discriminative image185
regions influencing model decisions.186
(4) Simplifying Latent Representations187
These approaches create tractable approximations of the complex internal states of advanced188
models like generative adversarial networks (GANs, Bau et al., 2019; Chen X et al., 2016),189
diffusion models (Kwon et al., 2022; Lee S et al., 2023), and Transformers (Castangia et al., 2023;190
Playout et al., 2022; Schwenke et al., 2023). The approaches involve canonical correlation191
analysis (Burges, 2010; Raghu et al., 2017), clustering (Raghu and Schmidt, 2020), differential192
analysis (Motteler et al., 1995; Aires et al., 2004; Rahwan et al., 2019), linear (Lees et al., 2022) or193
symbolic approximations (Liu J et al., 2023).194
2.2.4 Contrastive Examples195
These methods explain a model’s decision by showing what could have changed its outcomes.196
Counterfactual explanations (Chou Y L et al., 2022) identify minimal changes that would alter197
predictions (Fig. 1D). Prototypes and Criticisms (Gurumoorthy et al., 2019) reveal representative198
training samples. Both remain underutilized in ESS, likely due to structural data constraints and199
the lack of formal methodological integration.200
The mentioned XAI methods are described in Table S1.201

2.3 Evaluation of XAI202

To ensure rigorous and verifiable XAI research, comparable quantitative evaluation metrics are203
essential. While 58% of XAI technical evaluations employ quantitative measures, 33% rely on204
anecdotal evidence and 22% involve human evaluations (Nauta et al., 2023). In ESS, benchmark205
datasets and process-based nonlinear functions often serve as ground truth for objective XAI206
validation (Arras et al., 2022; Mamalakis et al., 2022a,b). This review emphasizes the following207
five key metrics for quantitative evaluation (Melis and Jaakkola, 2018; Murdoch et al., 2019;208
Minh et al., 2022; Weber et al., 2023):209
(1) Faithfulness: the extent to which explanations reflect the actual information in the model’s210

decision-making (Alvarez-Melis and Jaakkola, 2018);211
(2) Robustness: consistency of explanations under minor input perturbations that do not alter212

predictions (Huang X et al., 2020);213
(3) Stability: reproducibility of explanations across similar samples (Alvarez-Melis and Jaakkola,214

2018);215



(4) Efficiency: computational cost required to generate explanations (Adadi and Berrada, 2018;216
Vilone and Longo, 2021).217

(5) Localization: an explanation is measured based on its agreement with a user-defined region218
of interest (Arras et al., 2022).219

Taking the global air temperature prediction as an example (Bommer et al., 2024; Fig. 3), LRP220
achieved the highest overall quantitative evaluation score among multiple gradient-based XAI221
methods, with its attribution map consistent with knowledge, most clearly highlighting the222
influence of the North Atlantic region. Table S2 summarizes cross-domain case studies for XAI223
evaluation, while Table S3 lists practical toolkits. Across these cases, SHAP and LRP generally224
demonstrate strong and reliable performance. No single method is universally optimal and225
evaluation remains context-dependent.226

227

Figure 3 Evaluating XAI methods in climate science: A case study. (A) Spider plot displaying the228
mean skill scores of nine XAI methods. Note: The metric names have been adapted from the229
original source to maintain consistency with the terminology used in our text: 1. “Complexity”230
(original) is renamed to “Efficiency”; 2. “Randomisation” (original) is renamed to “Stability”; 3.231
“Localisation” (original) is renamed to “Human subject evaluation”. The spider plot serves as a232
visual aid to identify the best-performing method, where results further from the center indicate233
better performance. (B) Explanation map for a decade prediction generated by the top-performing234
method (LRP-z) on a temperature field, with (C) a zoomed-in view over North America. Adapted235
from "Finding the Right XAI Method—A Guide for the Evaluation and Ranking of Explainable236

AI Methods in Climate Science," by P. L. Bommer et al., 2024, arXiv preprint.237
[https://arxiv.org/abs/2303.00652v2]. Copyright © 2024 CC BY 4.0.238

239
240

3. XAI: From Theory to ESS Application241

3.1 Current State of XAI-ESS242

Our analysis is based on 863 publications (review process in Appendix C and criteria in Table S4)243
from the Web of Science database by searching XAI-ESS related keywords (Figure S2), showing244
exponential growth since 2020 and reaching over 300 publications in 2024 (Fig. 4B), and the245
proportion of XAI papers in ML-related papers in ESS are higher than 20% in recent decades246
(Dramsch et al., 2025). Applications are predominantly concentrated in fields with abundant247
observational data, including environmental science, water resources, atmospheric science, and248
geoscience (Fig. 4C). Hydroclimatic modeling has emerged as a key focus area, with XAI249



increasingly used as a nonlinear statistical tool for climate attribution and prediction improvement250
of interpretability (Fig. 4A). We further analyzed the XAI and ML/DL methods to identify251
preferred methodological pairings (Fig. 4D). Perturbation-based methods, particularly SHAP,252
LIME, PI and PDP, are the most commonly applied alongside tree-based models. For Neural253
Network (NN) models such as CNN and Long Short-Term Memory (LSTM),254
model-representation techniques dominate.255

256

257
Figure 4 Current states of XAI related publications in Earth System Science (ESS) including (A)258
number of publications across related topics, (B) annual publication trend in recent years, (C)259

distribution by ESS subdomains based on Web of Science research area categories,260
and (D) methodological pairings of XAI types and methods, ML types and models in the selected261
papers. The analysis is based on 258 open-access articles from top-quartile journals in the Web of262

Science, all ranking within the top 80% by citation count.263
The abbreviations are as follows: SU (SUrrogate models); MR (Model Representations); PE264

(PErturbation-based methods); TFI (Tree-based Feature Importance); SHAP (SHapley Additive265
exPlanations); PI (Permutation Importance); PDP (Partial Dependence Plot); LRP (Layer-Wise266

Relevance Propagation); LIME (Local Interpretable Model-agnostic Explanations); ICE267
(Individual Conditional Expectation); CAM (Class Activation Mapping); AM (Attention268

Mechanism); ALE (Accumulated Local Effects); LR (Logistic Regression/Linear Regression);269
NN (Neural Network); LGBM (Light Gradient Boosting Machine); GBDT (Gradient Boosting270



Decision Tree); SVM (Support Vector Machine); CNN (Convolutional Neural Network); LSTM271
(Long Short-Term Memory); XGB (eXtreme Gradient Boosting); RF (Random Forest); ANN272

(Artificial Neural Network).273
274

3.2 Improving Interpretability for AI Models275

XAI is essential in ESS for development of transparent, accountable, and trustworthy AI systems276
to support high-stakes decisions (Haupt et al., 2021; Debnath et al., 2023; Camps-Valls et al.,277
2025a). This need is reinforced by regulatory frameworks such as the UNESCO on Ethics of AI278
(2021) and the EU AI Act (2021), which mandate accountability. To be actionable, explanations279
should be valid, generalizable, and scientifically consistent.280
In short-term weather and extreme forecasts, XAI elucidates how AI models work for extreme281
events, including droughts (Feng P et al., 2020; Dikshit et al., 2022; Huang F et al., 2023a), floods282
(Yang W et al., 2020; Ekmekcioğlu et al., 2021), landslides (Al-Najjar et al., 2022), soil moisture283
droughts (Ye S et al., 2025), streamflow (Althoff et al., 2021; Chen M et al., 2023), hail (Gagne II284
et al., 2019) and earthquake warning (Fayaz and Galasso, 2024). For long-term climate science, it285
supports the generation of trustworthy AI-based future projections (McGovern et al., 2023, 2024;286
Diffenbaugh and Barnes, 2023; Evans et al., 2025), such as sea surface temperature (van Straaten287
et al., 2022) and climate oscillations (Schmidt et al., 2020; Gordon et al., 2021). In AI-derived288
Earth data products, XAI serves as a critical validation tool. It ensures the physical consistency of289
products for essential variables (Shangguan et al., 2017, 2023; Dueben et al., 2022; Gevaert, 2022),290
such as soil carbon (Wadoux and Molnar, 2022), crop types (Orynbaikyzy et al., 2020) and remote291
sensing classifications (Hasanpour Zaryabi et al., 2022), fostering confidence in the products for292
both research and policymaking.293

3.3 Enhancing Efficiency of AI Building294

ML/DL developers usually use XAI for feature selection, model determination, and structure295
design to improve the efficiency of model building.296
For feature selection, XAI provides feature importance from a pre-trained model to remove the297
irrelevant features such as perturbance-based methods including TFI (Feng P et al., 2019;298
Upadhyaya et al., 2021) and PI (Ramirez et al., 2022), and attention mechanisms (Yan J et al.,299
2021), yielding better results (Zacharias et al., 2022; Wang J et al., 2023) and physical consistency300
(Carter et al., 2021) in ESS element prediction.301
To determine optimal ML/DL models, developers can compare behaviors of candidate models302
provided by XAI with prior knowledge (Jing et al., 2023; Wu Y et al., 2023). This strategy has303
enhanced flood forecasting (Schmidt et al., 2020) and helped validate complex DL models against304
process-based simulations, yielding physically realistic insights (Hu X et al., 2021).305
Many XAI methods are tailored to diagnose and improve model structure design, especially MR306
methods (Toms et al., 2020). MR helps detect the problems in tree nodes such as decision trees307
(Chen J et al., 2021) and cubist (Fu Z et al., 2022), with tools like Treeinterpreter applied to308
precipitation classification (Upadhyaya et al., 2021). In DL models, model representations such as309
Jacobian matrix help reduce bias from removal of the unimportant links in NN for atmospheric310
profiling (Blackwell, 2012; Maddy et al., 2021) and precipitation prediction (Shamekh et al.,311
2023). While XAI effectively supports model optimization and promotes physical consistency in312
ESS, it does not provide direct guidance for structural design or hyperparameter tuning.313



3.4 Providing Scientific Insights from AI Models314

ESS researchers place high expectation on XAI as a data-mining tool to gain physical insights315
from high-performing ML/DL models (Jiang S et al., 2024a).316
3.4.1 Gaining Hydrological Insights317
XAI has been increasingly employed to identify key hydrological drivers governing the dynamics318
of soil moisture (Ley et al., 2024), evapotranspiration (Chakraborty et al., 2021b; Zhang H et al.,319
2025), runoff (Althoff et al., 2021; Bai Z et al., 2022; Hao H et al., 2024; Wang H et al., 2024),320
streamflow (Liu J et al., 2023; Wu and Li, 2023), and groundwater (Mo Y et al., 2025), thereby321
helping to disentangle coupled nonlinearity and heterogeneity challenges in traditional322
hydrological models. Furthermore, XAI techniques can detect critical process thresholds (Wang S323
et al., 2022; Ding K et al., 2025; Wang H et al., 2024) and spatial heterogeneity in variable324
responses (Wang S et al., 2024). In this way, XAI bridges data-driven predictions with325
mechanistic understanding, elucidating hierarchical hydrological controls.326
3.4.2 Attributing Extreme Events327
XAI advances mechanistic understanding of extreme events by disentangling the complex328
processes within ML/DL models, such as those for droughts (Feng P et al., 2019; Saha et al., 2021;329
Dikshit et al., 2024), floods (Jiang S et al., 2022a, b; Xu Y et al., 2024; Feng J et al., 2024; Liu M330
et al., 2024; Ke E et al., 2025), wildfires (Kondylatos et al., 2022; Abdollahi and Pradhan, 2023;331
Bountzouklis et al., 2023), extreme precipitation (Gimeno-Sotelo et al., 2023), and heatwaves332
(Shu R et al., 2025). For instance, in flood analysis, XAI has been used to attribute events to333
abrupt shifts in environmental precursors like precipitation and temperature (Slater et al., 2024).334
Furthermore, interactive SHAP values have elucidated critical compounding effects (Jiang S et al.,335
2024), and the incorporation of remote predictors has facilitated the detection of teleconnection336
drivers (Lee Y et al., 2024).337
3.4.3 Detecting Anthropogenic Footprint338
The attribution capability of XAI varies significantly with process timescale. It effectively339
identifies anthropogenic drivers in rapid-response systems like point-source pollution (Liu S et al.,340
2025) and urban heat islands (Zumwald et al., 2021; Oukawa et al., 2022). Yet, its efficacy341
diminishes for climate-scale phenomena (Alam et al., 2025) like greenhouse forcing, where342
signals are weak and human influences accumulate nonlinearly.343
XAI itself often relies on recognized climate proxies. Commonly, global mean temperature is344
regarded as an indicator of anthropological influence (Janssens et al., 2021). Based on this, XAI345
can attribute downstream effects such as abnormal biogeochemical cycles (Haaf et al., 2021;346
Patoine et al., 2022; Wang K et al., 2022), carbon sequestration and latent heat absorption (Berner347
et al., 2020), and ocean-atmosphere coupling (Sonnewald and Lguensat, 2021). The climate-scale348
paradigms like “dry gets drier, wet gets wetter” have been corroborated through XAI (Chakraborty349
et al., 2021a; Anderson and Radić, 2022).350
3.4.4 Limitations and the Path Forward351
While XAI can highlight influential variables or nonlinear relationships within data, it does not352
yield fundamental physical laws or closed-form equations. Its explanatory power remains353
constrained by the underlying data and model structure. It can expose correlations and interactions354
but cannot independently validate causality. This poses critical challenges for both geoscientists355
and climate policymakers including spurious correlations and poor generalization to unseen data.356
This limitation necessitates close collaboration between ML/DL developers and ESS experts to357



ensure that XAI-driven discoveries are grounded in domain physics rather than algorithmic358
artifacts. Ultimately, although XAI is a powerful tool for addressing complex ESS challenges, it359
works best when combined with traditional experimentation and theoretical approaches to build360
system-level understanding.361

3.5 Practical Guidelines for Implementing XAI in ESS362

We propose an integrated framework that embeds explanation within the iterative modeling363
process (Fig. 5A). The framework begins with clear objective definition followed by routine data364
processing, feature selection, model training and validation. Candidate XAI methods are then365
assessed by quantitative metrics (Section 2.3) or prior knowledge to optimize the outcomes.366
Within this common workflow, different objectives emphasize different steps: interpretability367
focuses on the reliability of explanations as the final output; efficiency leverages XAI as a368
diagnostic tool to streamline feature selection, data usage, and model design; and scientific369
understanding prioritizes embedding physical priors to enable causal insight beyond correlations.370
As an example, Huang F et al. (2023b) applied this framework to soil moisture prediction. Based371
on feature selection (Fig. 5B) and well trained model (Fig. 5C), joint XAI analysis revealed the372
dominant control of soil temperature consistent with thermodynamic principles (Fig. 5D).373

374

375
Figure 5 Practical framework for XAI application in ESS and a soil moisture (SM) case study. (A)376
Schematic of the iterative XAI explanation and validation pipeline. (B-D) Results from the case377
study: (B) feature selection, (C) model performance, and (D) joint XAI-derived explanation for378

soil temperature (TS) including SHAP, ICE, ALE and two-dimensional ALE of TS and latent heat.379
(B-D) were modified from Huang F et al., 2023b. Copyright © 2023 Elsevier.380

381
4. Challenges and Possible Solutions382

4.1 Inherent XAI Limitations383

4.1.1 Methodological Limitations of XAI384
XAI limitations stem from the inherent constraints in their design affecting their reliability, and no385
method is universally optimal.386
Surrogate model-based methods such as LIME rely on strong assumptions, including local387
linearity and feature independence assumptions, which are rarely satisfied in real-world ESS388
applications. Perturbing one variable can unintentionally affect others, as observed in soil moisture389



prediction tasks (Fig. 5D; Huang F et al., 2023b). It has been found that the LIME explanation390
was more sensitive to correlated features than SHAP for small sample modeling (Huang F et al.,391
2023a). This effect becomes less pronounced when large sample sizes are used (Krell et al., 2025).392
Perturbation-based methods often assume Gaussian noise (Ivanovs et al., 2021) inconsistent with393
real-world distribution. Surrogate model and perturbation-based methods usually face394
computational challenges in high-dimensional settings.395
Gradient-based methods often introduce noisy or unstable explanations (Saleem et al., 2022) or396
bring extra randomness to explanations especially in large networks (Huang F et al., 2024). Model397
representation methods like latent space reductions tend to yield less interpretable representations398
(Mylonas et al., 2024). Perturbation- and surrogate-based methods are generally more399
computationally expensive than intrinsic approaches. For instance, LRP takes 1-2 s to generate a400
heatmap for a single prediction which is far lower than the time taken by LIME (22 s) and SHAP401
(108 s).402
4.1.2 Difficulties in Selecting an Optimal XAI Method by Metrics403
When various XAI techniques are employed to interpret black-box ML/DL models, they often404
yield divergent explanations. This “Rashomon effect” occurs when differences in how these405
methods process and represent ML/DL model (Başağaoğlu et al., 2022; Huang F et al., 2023c).406
While different strategies have been proposed to evaluate XAI methods (see Section 2.3), they are407
typically applied in isolation and require additional computational resources. Their conclusions are408
often context-dependent, which limits their generalizability.409
4.1.3 Lack of Benchmark for XAI Evaluation410
The absence of benchmarks for evaluating explanations further complicates XAI selection. Prior411
knowledge is commonly used as anecdotal evidence or “ground truth”. Mamalakis et al. (2022b)412
introduced the ClimateNet dataset, which provides expert-annotated maps to assess whether XAI413
techniques capture physically meaningful patterns or not. Alternatively, information derived from414
multiple Earth System Models (ESM) and other process-based models has been used as a415
reference for evaluating explanation quality, leveraging the collective physical knowledge416
embedded in these models to support XAI validation (Mamalakis et al., 2022a).417
4.1.4 Solutions418
We advocate the development of integrated interpretation frameworks that employ multiple XAI419
techniques to jointly analyze the same model or samples, thereby combining or weighting420
complementary perspectives to better reflect internal model behavior (Gibson et al., 2021; Ghada421
et al., 2022; Van Straaten et al., 2022; Ham et al., 2023). For example, Huang F et al. (2023a)422
combined PI, SHAP, LIME, ALE, PDP, and ICE to jointly explain soil moisture drought patterns,423
thereby enhancing the reliability and faithfulness of the explanation to the ML/DL model.424
Alternatively, developing integrated XAI methods that merge ante-hoc and post-hoc approaches,425
combines perturbation, surrogate, and model representation techniques, or links global and local426
explanations to provide a comprehensive understanding of the model.427
By contrast, interpretable DL models (i.e., diffusion model and graph neural networks) offer a428
potential pathway forward to address the problems of model complexity (O’Loughlin et al., 2025).429
By explicitly encoding relationships within their architectures, these models facilitate visualization,430
comparison, and integration of prior physical knowledge.431

4.2 Compatibility Issues in XAI-ESS432

4.2.1 XAI Design vs. ESS Community Requirements433



Despite the various interpretative forms of XAI discussed in Section 2.1, they do not adequately434
meet the needs of ESS, largely due to a disconnect between the design priorities of XAI435
practitioners and the practical needs of the ESS community (Gevaert, 2022). Stakeholders436
including weather forecasting professionals, policymakers and regulators, ML/DL developers,437
AI-derived product users and geoscientists, require explanations that extend beyond the commonly438
used simplistic feature attributions, encompassing the dynamic behaviors and states of complex439
Earth system processes.440
Although weather forecasting professionals intend to use feature attributions to prediction tasks,441
current explanatory formats fall short of enabling their comprehension. Policymakers and442
regulators prefer global and counterfactual explanations to support decision-making in future443
scenarios. Current XAI can provide limited guidance for diagnosing the AI building, especially for444
structure building.445
4.2.2 Static Explanations vs. Dynamic, Interdependent Systems446
The conceptual gap between XAI assumptions such as feature independence, model stationarity,447
and local linearity and the nature of ESS, which exhibit strong feature interdependence, system448
dynamism, and global nonlinearity is fundamental for further applications. Nonstationarity in ESS449
underscores the time-varying and inherently unpredictable nature of the behavior, whereas most450
XAI relies on static model assumptions. As a result, XAI struggles to provide reliable451
interpretations for extrapolation, particularly in unseen regimes, or distributional shifts beyond the452
training domain.453
Spatial-temporal dependencies may hinder the robustness of many XAI methods.454
Perturbation-based methods (e.g., PI and LIME), which assess feature importance by455
independently perturbing inputs and monitoring output changes, are fundamentally compromised456
in such contexts. This often produces physically implausible samples and leads to attribution457
dispersion, where importance is spread across numerous spatiotemporal nodes rather than458
capturing coherent system-level responses or cascading processes (e.g., floods or landslides).459
Moreover, most off-the-shelf XAI methods focus on unstructured data, whereas ESS data are460
highly structured, characterized by confounding effects, strong inter-variable correlations,461
heterogeneous distribution (e.g., Poisson-distributed precipitation and sinusoidal solar shortwave462
radiation). This mismatch introduces bias into the process understanding derived from XAI463
(Figure S3), as inter-variable correlations lead to the uncertainty in explanation has been found464
(Jiang S et al., 2022a, b). Various preprocessing strategies such as variance inflation factors (He F465
et al., 2025), Pearson coefficient (Díaz-Vallejo et al., 2024) and z-score (Cui X et al., 2021) are466
used to mitigate these effects. However, such approaches may remove the correlation within the467
model, the underlying data structure remains, meaning that perturbations to one variable can still468
induce nonlinear changes in others.469
4.2.3 Causality vs. XAI470
Geoscientists seek to extract causal relationships from observation-driven ML/DL models to471
complement existing knowledge systems (Irrgang et al., 2021). Recent studies use XAI to identify472
“drivers” in a causally meaningful manner within predictive models. However, such attempts473
often conflate correlation with causation. Even highly accurate ML/DL models do not inherently474
meet the requirements for causation without rigorous causal validation. This would be related to475
the spurious correlations brought by potential confounding variables. Whether a model is built on476
causality or correlation fundamentally determines its capacity to infer causal mechanisms477



(Camps-Valls, 2025b).478
Current literature suggests two pathways to address this issue: XAI for causality and causality for479
XAI (Carloni et al., 2025). The former uses XAI to generate scientific hypotheses, which are480
subsequently validated through experimental methods. The latter derives explanations from causal481
models such as structural causal models. Both approaches hold promise for applications in ESS.482
In practice, many existing studies employing XAI to identify drivers, implicitly follow XAI for483
causality.484
Some researchers have integrated prior knowledge into hybrid modeling frameworks in ESS to485
mitigate confounding biases during explanation (Althoff et al., 2021; Li W et al., 2024; Hu X et al.,486
2021). Nevertheless, the absence of robust validation remains an issue. Experimental approaches487
such as free-air CO2 enrichment could potentially offer means of verification. Conversely,488
deriving explanations from causal models requires carefully delineating the scope of study to489
better control for confounders and obtain targeted causal explanations.490
4.2.4 End-to-End Modelling vs. Process-Based Modelling491
A fundamental challenge arises because XAI typically explains end-to-end black-box models,492
which capture complex mappings but remain difficult to interpret in terms of intermediary493
processes and variable interactions. In contrast, process-based models in ESS explicitly represent494
mechanistic relationships and intermediate states. Consequently, XAI-derived explanations often495
expressed in terms of input-output attributions which fail to align, both in form and cognitive496
relevance, with the process-oriented understanding required for diagnostic analysis and hypothesis497
testing in geoscientific research (Li X and Guo Y L, 2025). Geoscientists often underutilize the498
function of XAI and some data-driven equation discovery techniques (i.e., symbolic regression).499
The core of the issue lies in the fact that ML/DL and XAI are designed without considering500
process-oriented ESS.501
4.2.5 Solutions502
(1) Object-aware XAI Tasks503
XAI should explicitly account for domain-relevant objects (e.g., cyclones, ecosystems, watersheds)504
moving beyond explanations based solely on potentially causal features. Object-aware505
explanations can better capture system organization and dynamics, improving their relevance for506
scientific interpretation.507
(2) Process-informed Modeling508
Incorporating physical knowledge into modeling can move predictions closer to the underlying509
“ground truth” embedded in structured ESS data, enabling XAI to reveal causally meaningful510
insights that are scientifically understandable (Chen M et al., 2023). One promising strategy is to511
decompose the input-output mapping into known and unknown subprocesses (Shen C et al., 2023).512
The known processes are modeled by the process-based model and the unknown processes are513
modeled by the explained ML/DL models. Causality within a subprocess may be easier to verify514
when focusing on simpler subsystems that exclude confounding factors from more complex515
systems, which would be beneficial for ESS modelers to integrate the structural data (Li, X., et al.,516
2023). We propose a novel causal physics-informed hybrid XAI framework (see Appendix D;517
Figure S4). This approach emphasizes process representation rather than data distribution alone,518
using physics to model known mechanisms and ML/DL to approximate unresolved processes.519
(3) Human-centered XAI Design for ESS520
To address diverse ESS needs, human-centered XAI design is crucial. Guidelines originally521



developed for medical XAI (Chen H et al., 2022) can be adapted to ESS. Recent studies522
highlighted accountability risks from biased ML/DL in climate action (Debnath et al., 2023).523
Throughout XAI-ESS development, human-centered principles ensure usability and accountability524
(Clement et al., 2023). A structured workflow (Fig. 6) may include: (a) analyzing user needs via525
surveys or scorecards (Hoffman et al., 2023); (b) co-design with ESS stakeholders to integrate526
domain expertise (e.g., physically interpretable models for forecasters (Kim et al., 2023), traceable527
systems for policymakers); (c) standardized workflows to streamline XAI adoption for end-users;528
(d) validation to test XAI empirically to refine ESS applications. Cross-disciplinary alignment of529
explanation goals is key. A concrete step is to develop open-source libraries that seamlessly530
integrate process-based models with XAI techniques.531

532

533
Figure 6 Operational solutions for human-centered XAI design for ESS. The abbreviations WF,534
PR, DD, and EG are weather forecasters, policymakers and regulators, diagnosis and debugging,535

and Earth process-based modelers and geoscientists, respectively. And API denotes the536
Application Programming Interface.537

538

4.3 Uncertainty Assessment539

Quantifying uncertainty in XAI is vital for reliable decision-making in high-stakes domains such540
as weather forecasting and climate policy, where unreliable explanations may lead to severe541
societal impacts or misleading scientific conclusions. XAI-specific uncertainties stemming from542
their designs and inherent assumptions compromise robustness (Thuy and Benoit, 2024).543
Addressing these uncertainties is paramount to ensure that XAI-derived insights are scientifically544
sound and actionable. One practical approach is to quantify the variability of explanations by545
repeatedly applying XAI methods under identical conditions and conducting convergence analyses546
to assess explanation stability.547

548
5. Future Perspectives549

5.1 Faithful, Efficient, and Integrated XAI550

In the future, we envision a more faithful and computationally efficient integrated XAI framework551
that combines multiple techniques as shown in Fig. 1 (Belaid et al., 2023). Such a framework aims552
to overcome the inherent limitations of individual XAI methods by unifying their complementary553



strengths into a coherent approach. For example, “glocal XAI”, an integrated method, offers both554
channel-level information and feature importance, providing deep insights into a model’s555
representations, reasoning processes, and fine-grained decision-making (Achtibat et al., 2023).556
Similarly, attention mechanisms that synthesize global-local perspectives (Li L et al., 2018) and557
spatial channel information (Song C H et al., 2022) also show considerable potential in computer558
vision applications.559
Future XAI techniques should overcome the limitations of individual methods by seamlessly560
integrating them into a unified method. We posit that model-specific XAI methods are better561
suited for advanced DL models, integrated XAI methods should offer greater flexibility to allow562
comparisons of interpretability across a variety of distinct architectures (Theissler et al., 2022).563
There is a pressing need for lightweight XAI solutions to keep pace with the rapid advances in564
foundation models. Cutting-edge models such as Pangu-Weather (Bi K et al., 2023), FuXi (Chen565
L et al., 2023) and GraphCast (Lam et al., 2023) have set new performance benchmarks in the566
ESS community. The computational cost of traditional XAI methods like SHAP severely limits567
their use with large models. Future solutions should favor built-in interpretability or targeted input568
perturbation, which efficiently probes models with strategic exemplars, avoiding interpretability569
biases introduced by model distillation.570
Further, we need to consolidate faithfulness, robustness, stability, and other key metrics to571
generate a standardized metric for XAI evaluation. Currently, it is challenging to compare572
different methods in a consistent manner (Mi J et al., 2024). Moreover, those metrics often rely on573
assumptions such as local consistency for localisation, stability under perturbations. They often574
conflict with spatiotemporal teleconnections, nonlinear threshold dynamics and tipping point575
behavior in ESS. For example, while robustness metrics assume explanation stability under small576
input perturbations, the “butterfly effect” prevalent in atmospheric systems may invalidate this577
assumption at the system level. These small changes in initial conditions can produce nonlinear578
cascading effects that are difficult to capture or attribute reliably using XAI alone. Therefore, a579
crucial first step should be the development and evaluation of an XAI method specifically tailored580
to the nuances of the ESS domain.581

5.2 Expanding the Roles of XAI in ESS582

Here, we argue that the role of XAI in ESS should be further expanded. We elaborate on this from583
three progressive stages of ESS: recognition, description, and action. In Fig. 7, we mark the roles584
already achieved by XAI (in gray) and potential future roles (in red). Our framework585
conceptualizes ESS through three progressive stages: (a) recognition, which adopts a pragmatic586
approach to derive insights from real-world data simulations to inform decision-making, thereby587
advancing cognitive understanding of ESS dynamics; (b) description, which systematically588
characterizes processes and data patterns to elucidate the system’s governing mechanisms; (c)589
action, which translates cognitive and descriptive knowledge into targeted interventions for590
ecosystem conservation or transformation.591

592
593
594
595
596



597
Figure 7 A hierarchical framework for Earth System Science (ESS) integration, spanning from598
fundamental process understanding to actionable applications. The roles already achieved by XAI599

(in gray) and potential future roles (in red) are marked.600
601

(1) Recognition: Uncover New Knowledge602
XAI facilitates the extraction of high-level relationships and processes from complex, low-level603
data that may be difficult for humans to discern. As a result, it holds great potential for uncovering604
new insights and discovering new knowledge across multiple disciplines. For instance, XAI has605
played an instrumental role in revealing unknown representations and effects in drug discovery606
(McCloskey et al., 2019; Ishida et al., 2019). GNNExplainer, an XAI method coupled with graph607
convolutional networks, optimizes mutual information between elements and serves as a powerful608
tool in this area. Its chemically meaningful representations align well with the intuitive609
understanding of chemists (Ying Z et al., 2019). This success could inspire ESS to use XAI to610
explore previously overlooked subprocesses within ESM.611
In cases where certain ESS processes are difficult to parameterize, the successful application of612
material dynamics modeling using XAI offer encouraging evidence (Zhong X et al., 2022). For613
example, the combined use of feature importance, conceptual explanation, and testing with614
concept activation vector methods enabled accurate descriptions of process dynamics in scalable615
perovskite solar cells using video datasets (Klein et al., 2024). Moreover, inherently transparent616
ML/DL models have proven effective in representing a variety of chemical processes (Gallegos et617
al., 2024). Looking ahead, XAI presents a promising alternative approach to exploring new618
knowledge and representations in ESS, owing to its ability to illuminate hidden patterns and619
complex interactions that often inaccessible to traditional modeling and analysis.620
(2) Description: Data Management, Fusion and Cleaning with XAI621
The role of XAI-ESS can be expanded to a broader scope, where XAI can be used throughout the622
entire lifecycle of data modeling. For instance, in data management, an innovative concept known623



as “edge intelligence” has emerged, which involves generating edge-level data to reconstruct data624
representations and reduce data volume (Sinha and Vashisht, 2023). The use of XAI ensures that625
this process remains physically consistent and interpretable. This capacity, in turn, facilitates626
efficient management and storage of large datasets such as those from the Coupled Model627
Intercomparison Project Phase 6 (CMIP6), high-resolution reanalysis and remote sensing628
products.629
In terms of data fusion, XAI has been used to effectively merge multi-source remote sensing630
products (Lohit et al., 2019; Xie Q et al., 2019; Taskin et al., 2024). The application of XAI can be631
further extended to fuse a wider variety of data sources, including remote sensing, reanalysis,632
in-situ measurements, and process-generated data, due to its prowess in identifying and extracting633
similar patterns from complex data sets.634
In addition, XAI can also contribute significantly to data cleaning. Prototypical relevance635
propagation, which leverages concepts such as prototypes and LRP, can adeptly identify artifact636
samples and separate them from clean ones (Gautam et al., 2023). In the context of medical image637
analysis, XAI methods effectively selects the most informative samples for active learning settings,638
outperforming other selection criteria by requiring less data and fewer iterations to achieve639
comparable or superior performance (Mahapatra et al., 2021). Such techniques could be highly640
valuable for mitigating the adverse effects of noisy sensor data, for example, during FLUXNET641
data preprocessing.642
(3) Description: Process Diagnosis and Assessment643
ESM are instrumental in forecasting the Earth’s future state based on our understanding of ESS644
processes. However, despite their significance, ESM in the latest CMIP6 exhibit inconsistencies645
across a wide range of process representations (Hsu and Dirmeyer, 2023; Fu W et al., 2022). To646
analyze these biases stemming from parametric uncertainty and external drivers, data-driven647
reconstruction of physical models namely emulation is essential (Lian X et al., 2018).648
In this context, XAI serves as a powerful visualization and diagnostic tool that can discern distinct649
patterns within AI-based reconstruction models (Li X et al., 2023). For instance, XAI can reveal650
disparities in physical representations among ESM, such as those related to Arctic Ocean651
acidification (Krasting et al., 2022).652
Alternatively, a complementary and more sophisticated approach to identifying varying patterns in653
ESM involves training an ML/DL model using annual-mean temperature or precipitation maps as654
inputs to predict the corresponding year of each map (Barnes et al., 2020; Labe and Barnes, 2021).655
By interpreting the ML/DL model, the underlying information encapsulated in ESM is revealed,656
effectively bypassing the noise inherent to these models. This method allows researchers to gain657
insights into the fundamental dynamics driving ESM behavior without being confounded by658
extraneous internal variability.659
(4) Description: Model Optimization660
Methods such as CAM and canonical correlation analysis can refine intermediate features661
representations and adjust a model’s internal structure, thereby fine-tuning performance (Schiller662
et al., 2019; Anders et al., 2022). Explanations from pre-trained model can also strengthen loss663
functions (Ross et al., 2017), augment gradients (Narteni et al., 2025), or even enhance the model664
architecture itself (Yeom et al., 2021). Novel XAI has also been used to optimize hyperparameters665
(Ibrahim and Shafiq, 2022) and accelerate the learning process (Mukhamediev et al., 2022).666
Despite these advances, there is often a delay in the adoption of the latest XAI developments in667



ESS applications. It is essential for ESS practitioners to keep pace with the rapid progress in XAI668
to ensure that the application of XAI-ESS remains up-to-date and achieve their full potential.669
(5) Description: Model Ensemble and Augmentation670
Some advanced XAI methods aim to enhance ML/DL model performance by employing strategies671
not widely adopted in ESS contexts, such as data augmentation, feature augmentation, loss672
augmentation, gradient augmentation, and model augmentation (Weber et al., 2023). Whether the673
explanations generated by XAI exhibit physical consistency could also serve as one of the674
evaluation criteria for weighting models within ensemble framework.675
(6) Action: Human-Computer Interaction676
Interactive XAI systems play a key role in promoting human-computer interaction by allowing677
users to interrogate the system to gain a deeper understanding of their decision-making678
mechanisms. For example, an XAI-based interface system designed for weather forecasting679
models allows users to assess overall reliability, evaluate the consistency of explanations with680
domain knowledge, and provide feedback. As citizen science continues to emerge as an important681
social activity, with individuals using smartphones and other devices to contribute to scientific682
research, ML/DL models can help process the immense amount of data collected, while XAI683
enables participants to understand the scientific findings they are contributing to, thereby684
increasing their engagement in learning.685
Moreover, integrating XAI with virtual reality or augmented reality technologies could create a686
powerful visualization tool that facilitates a comprehensive understanding of ESS. On another687
front, interactive XAI systems should provide open interfaces that allow human intervention in688
ML/DL modeling to ensure fairness and accountability to the public. In particular, there are689
several functional visual XAI methods, such as LSTMVis (Strobelt et al., 2017) that offer690
interactive graphs and heatmaps showcasing relevant words and associated subsets of hidden691
states. In the future, interactive XAI is expected to be a critical function as an interface that692
facilitates communication between humans and machine-generated decisions (Naiseh et al., 2023),693
thereby bridging the gap between technology and user understanding in a more intuitive and694
collaborative manner.695
(7) Action: Policymaking and Management696
Given the impressive predictive capabilities of XAI in areas such as climate change prediction and697
attribution (Section 3.2), it is increasingly important to consider whether policy guidance can be698
derived from its results. First, the promotion of trustworthy ML/DL systems, particularly in the699
weather, water, and climate sectors, has become an urgent and pressing concern (Reidmiller et al.,700
2017). In the absence of empirical evidence on model interpretability by end-users, deontological701
ethics dictate that ML/DL developers have a moral obligation to create XAI solutions that provide702
users with sufficient information about the inner workings of the model to preserve their703
decision-making autonomy (McGovern et al., 2022).704
Second, addressing accountability risks arising from potentially biased ML and DL systems is705
critical when they are used to inform climate policy (Debnath et al., 2023). We argue that if robust706
evidence from XAI can be validated through experiments or additional evidence, they are able to707
inform the policymakers to make decisions on climate change mitigation. Moreover, in domains708
such as water and carbon management, regional-scale interventions and experiments based on709
hypotheses generated by XAI become increasingly feasible. As an example, Schoenke et al. (2021)710
developed a conceptual platform in agriculture that visualizes data flows to provide interpretable711



insights and actionable recommendations for both farmers and regulators. This showcases how712
XAI can directly influence resource management strategies and inform policy formulation in713
various domains.714
6. Summary715
While AI has become integral to ESS, its full potential remains constrained by the interpretability716
gap associated with black-box models. XAI promises to unlock this potential, but our review717
concludes that a fundamental mismatch between generic XAI designs and domain-specific ESS718
requirements continues to hinder its practical utility. Transforming XAI from a technical novelty719
into a core ESS tool requires a coordinated shift in development priorities. Based on our analysis,720
we propose the following actionable framework for the community:721
(1) Develop ESS-specific XAI method and benchmarks. To overcome inherent methodological722
limitations, we advocate for a dual strategy: (a) the systematic use of multiple XAI techniques,723
together with the development of inherently interpretable DL models to ensure robust explanations;724
and (b) the establishment of a consortium to define community-standard benchmarks for assessing725
XAI faithfulness and robustness on canonical ESS tasks. These benchmarks should prioritize726
physical plausibility alongside numerical accuracy.727
(2) Prioritize human-centered, hybrid explainability. Purely technical explanations are insufficient;728
they should be translated into scientifically meaningful insights. Our findings strongly advocate729
for the widespread adoption of co-design frameworks, where ESS domain experts, ML/DL730
developers, and end-users collaborate to build interpretability into models from the outset.731
Furthermore, we identify the integration of physics-inform and causal inference techniques with732
data-driven XAI as the most promising path toward generating trustworthy and mechanistic733
insights. A concrete initial step is to develop open-source libraries that seamlessly integrate734
process-based models with leading XAI techniques.735
(3) Mandate uncertainty quantification for explanations. An explanation without an associated736
measure of uncertainty is of limited scientific value. We urge that uncertainty quantification737
should be treated as a non-negotiable component of XAI in ESS. This requires developing new738
methods to propagate uncertainty through explanation generation process, as well as effective739
visual strategies to communicate this uncertainty to scientists and policymakers.740
The future trajectory of ESS is inextricably linked to advances of trustworthy AI, necessitating a741
focused effort on next-generation XAI. We foresee two critical frontiers: first, the creation of742
lightweight, inherently interpretable models that seamlessly integrate physical principles; and743
second, the development of robust diagnostic tools for model auditing. By prioritizing these744
avenues, XAI will transition from a passive explanatory tool to an active scientific discovery,745
catalyzing progress in key areas including knowledge extraction from complex datasets, hybrid746
models development, reconciliation of ESM discrepancies, and design of reliable decision-support747
systems for policy.748
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