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Focal Area. Insight gleaned from complex data using AI, eXplainable AI (“XAI”) 

Abstract. AI has the power to identify new pathways to extended predictability of the water 

cycle via its application to model ensembles together with accompanying observations. We discuss 

both scientific and technological aspects of this challenge, and address the parts of the MODEX 

approach involving “Model simulations, evaluation, analysis, and benchmarking” and 

“Identification of key knowledge gaps”. The widespread incorporation of AI into model analysis 

will significantly advance Earth system predictability and our predictive capabilities. 

Introduction and Goal. It is well accepted that multi-model predictions are superior to those 

based upon a single model, and that the study of output from an ensemble of models is crucial to 

assessing uncertainty and identifying pathways to improved predictions. Superiority is achieved 

because bringing models together encompasses a greater collective wisdom while cancelling out 

random errors. Model skill in simulating past events is often correlated to the skill in simulating 

future events, allowing for the profound possibility that by studying multi-model datasets one can 

identify the processes most relevant to projections. 

Given this immense utility, substantial resources have been expended to create multi-model 

datasets. For example, DOE led the creation over several decades of a multi-model dataset1 whose 

analysis underpins the Intergovernmental Panel on Climate Change reports.   Although thousands 

of papers have been written using this data, the data (totaling tens of petabytes) are inadequately 

explored relative to its underlying complexity. Adequate exploration of large datasets is a growing 

problem as future models will have much increased spatial resolution (global storm resolving 

models2) and increased high-frequency output to study finer scale features. Observational data are 

also growing in volume and their uncertainties have been inadequately explored. 

The revolution in AI can address these issues in 2 ways. First, new methods (convolutional neural 

networks, transfer learning, etc.) permit “deep learning” and the discovery of complex structures 

within large datasets. Second, new XAI methods (layerwise relevance propagation, gradient 

methods, etc.) allow one to open the black box and peer inside. This is a game changer for scientific 

research as it means that XAI can be used to discover new science (e.g.3), allowing researchers to 

ask “why?” as they normally would, but now with the power of AI. 
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We assert that major advancements in the predictability of water cycle phenomena on time-scales 

from sub-seasonal to multi-decadal will result from the widespread application of AI to simulation 

output from coordinated multi-model ensembles and accompanying observations.  AI will identify 

new sources of predictability and understand their implications for model improvement. 

Advancements will come from four primary Analysis Strategies:  

1. AI-based prediction models: Trained on model ensemble simulations and convolved with 

observations, neural networks have already produced improved predictive skill for the El Niño-

Southern Oscillation, a major mode of inter-annual variability that affects hydroclimate 

worldwide4. These prediction methods can be extended for a wide range of water cycle 

quantities such as the Madden-Julian Oscillation (MJO) or precipitation over the United 

States5. Importantly, AI derives skill from both multi-model simulations and observations 

through transfer learning (e.g.6). Hybrid AI-physics models are also possible, as is invoking 

physics throughout the training process itself. Improved uncertainty estimates are also possible 

through Bayesian approaches (e.g. dropout7). Physical credibility of these models must be 

probed with XAI that identifies the processes most constraining predictions. 

2. Identification of processes relevant to predictability: Inter-model prediction differences are 

often correlated to inter-model differences in simulations of past quantities. When combined 

with observed values of the past quantities, model predictions can be constrained.  These 

‘emergent constraints’8 are difficult to locate and may be spurious, requiring confirmation of 

their physical basis. However, they are extremely valuable because they inform model 

developers and observationalists as to where their improvement efforts would have the greatest 

impact in reducing projection uncertainty. AI methods permit more extensive and deep 

searches for multi-variable and non-linear constraints. XAI is also better suited in identifying 

the processes underlying the relationships and avoiding identification of spurious constraints9. 

3. Signal Separation: On both long (decadal) and short-time scales (individual events), it is 

desirable to distinguish the multiple influences (greenhouse gases vs. aerosols, or natural vs. 

human) leading to water cycle fluctuations and to separate these forced signals from internal 

climate variability. Such separation is an essential step in assessing models and knowing how 

much confidence to place in their predictions. XAI methods, including regularized neural 

networks, can be used to separate signals in both time, space and across variables by leveraging 

information across all of these domains and identifying the patterns that distinguish the 

different drivers of the signals. Indeed, XAI’s advantage in identifying the nonlinear evolution 

of a signal has allowed for the detection of the human impact on extreme precipitation10. 

4. AI-based metrics: Metrics are scalar measures of model skill that are extensively used in model 

development to rank models. Water cycle extremes, such as atmospheric rivers, tropical 

cyclones, or blocking anticyclones (that trigger droughts over land), often involve complex 

interactions between water-cycle processes and the environment. This complexity requires 



advanced methods to fully characterize the relevant phenomena.  AI methods (e.g. clustering 

techniques) will lead to better metrics of model performance and identify pathways for model 

improvement11. AI methods could discover new relationships between performance metrics 

and predictions, as well as determine the extent to which models are unique and independent. 

Water Cycle Quantities Most Amenable to Advances in Predictability. The water cycle’s 

spatio-temporal complexity guarantees that AI will be useful for numerous quantities, from 

extreme events to large-scale fluctuations (ENSO, MJO, droughts, ...).  Model diversity in the 

simulation of water cycle is very large, resulting in part from the difficulty in representing 

unresolved water cycle processes.  This offers an opportunity for AI to help both through multi-

model analyses revealing new pathways to increased predictability and through AI-based metrics 

identifying which models better represent water-cycle phenomena and which model processes 

should be improved. AI excels at finding relationships and patterns in large data particularly when 

our understanding is incomplete and theory lacking (e.g., what determines the number of 

hurricanes each year?).  Other areas ripe for advancement include identifying multi-realm 

relationships, such as between the ocean, atmosphere, land-surface, and cryosphere (e.g., between 

precipitation over land and ocean sea-level height12 and sea-surface salinity13). AI can also help 

identify the multi-realm precursors for complex compound events (such as ‘flash droughts’).  

Technical Challenges Related to the Routine Application of AI to Big Data. The ever- 

expanding quantity of model and observational data is rapidly becoming too large to be analyzed 

by the ordinary resources that scientists use to retrieve, store, query, and analyze data. Such 

challenges may block the major advances in the predictability that are possible from pairing big 

data with advanced AI. Therefore, it is imperative to provide access to big data computing 

resources including: (a) cloud computing allocations (bring the compute nodes to the data), (b) 

open-source software to apply AI to big data, and (c) software and hardware to handle memory 

intensive algorithms and parallel computing (scalable machine learning). Developing centralized 

computing facilities will enhance the speed with which individual scientists can perform 

sophisticated analyses. Community computing facilities also enable users to leverage one 

another’s insights in tackling existing AI challenges and developing analysis software. This will 

reduce time-consuming and duplicative technical hurdles.  

Furthermore, the importance of effectively deploying AI in the production environments for testing 

new models is often overlooked. Most machine learning applications evaluating models are 

developed once for a research paper but are never used again to evaluate future models. A 

framework is needed to interface the most promising AI metrics with the established software for 

repeat-use calculations that assist model development. Incorporating AI into DOE-funded tools 

such as E3SM-diags14, PCMDI’s Metrics Package15, and the Coordinated Model Evaluation 

Capabilities16 among others, will greatly strengthen the evaluation capability of these tools and 

engage AI in the development of future model versions including those of DOE’s E3SM model. 
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