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A B S T R A C T

The development of AI models is increasing at a rapid rate. However, when are they ready to be deployed in real- 
world operational settings? In this paper, we introduce a framework to support such assessments and apply it to 
Google’s recently released AI-based flood prediction system, which is claimed to achieve “reliability in predicting 
extreme riverine events” and provide “accurate and timely warnings” that are available “earlier and over larger 
and more impactful events in ungauged basins”. The system has been integrated into an operational early- 
warning platform producing open, real-time forecasts in more than 80 countries. While this development 
promises to usher in a new and exciting age in global flood forecasting, the supporting evidence relies heavily on 
several subjective choices, the implications of which have not been acknowledged or assessed. Here, we evaluate 
the consequences of these choices on claims of operational deployment readiness across four dimensions: pre
dictive accuracy, forecast timeliness, the characterization of extreme events, and benchmarking against state-of- 
the-art models. Our assessment reveals that the system’s actual predictive accuracy is likely to be substantially 
lower than reported—particularly for extreme events—raising concerns about responsible practices across 
modelling and publicity in high-stakes applications. The deployment of the Google AI model therefore risks mis
informing those who depend on its outputs for evacuation and preparedness decisions, particularly in less- 
developed countries such as those targeted by the enterprise, given its alarmingly high (>90%) rates of false 
positives and false negatives. Beyond the immediate operational consequences, if left unaddressed, these out
comes may erode public trust in AI within hydrological sciences. We conclude by calling for greater trans
parency, accountability, and methodological rigor in the integration of AI into flood forecasting.

1. Introduction

Machine Learning (ML) and Artificial Intelligence (AI) models are 
unquestionably the ‘flavor of the month’ in a variety of disciplines, 
including the earth and environmental sciences (Buchanan, 2024; 
Maier, 2024). Enthusiasm for these models is fuelled by the widespread 
perception that they are a panacea for a wide variety of problems, 
resulting in broad support from government, industry and funding 

agencies. This has led to an unprecedented increase in research activity 
in ML and AI that invariably demonstrates the benefits of these models, 
adding further fuel to the fire (Narayanan and Kapoor, 2024).

Despite the unquestioned potential of ML and AI models, it is vital 
that we are not swept up in the accompanying excitement at the expense 
of following the well-trodden, but less exciting, path of applying the 
scientific method (Buchanan, 2024). This is especially important when 
these models are used in real-world, operational settings, where there is 
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a need to (i) adopt good model development practice (Jakeman, 2024; 
Maier et al., 2023a, b), (ii) evaluate models in a way that ensures they 
can perform as desired in a robust manner and (iii) test the suitability 
and reliability of models in their intended operational environment 
before they can be (iv) deployed in practice (Fig. 1). These steps align 
with the four stages of assessing the technology readiness levels (TRLs) 
of ML systems proposed by Lavin et al. (2022), including Research (TRLs 
0 to 2), Prototyping (TRLs 3 to 5), Productization (TRLs 6 to 8) and 
Deployment (TRL 9). It is also critical that the above steps are subject to 
independent review so that the scientific process can act as “…a guard 
rail against the frailties of human reason” (Buchanan, 2024).

When developing AI models to support real-world operational de
cisions, particular attention needs to be paid to the Model Evaluation 
step. While it is common to evaluate the performance of models, when 
they are developed for use in real-world settings, evaluation criteria and 
metrics need to be commensurate with operational requirements 
(Fig. 1). In addition, the sensitivity of model performance to any as
sumptions associated with the evaluation criteria and metrics needs to 
be assessed to ensure the model can be used with confidence in practice 
(Fig. 1). Finally, the performance and suitability of the developed model 
need to be compared with an appropriate benchmark, which should 
consist of state-of-the-art alternative(s) that are currently used in the 
intended operational setting.

By not assessing the performance of AI models intended to support 
real-world decision making using all of the steps in Fig. 1, there is a risk 
of overstating their capabilities (Kapoor et al., 2023; Lavin, 2022; Maier, 
2024; Narayanan and Kapoor, 2024, Raj et al. 2022), potentially leading 
to “algorithmic harm” for affected communities (Lavin et al. 2022, Raj 
et al. 2022). This harm can be significant, not only in terms of discred
iting ML and AI methods unnecessarily, thereby setting the field back 
many years or even decades, but more importantly also in terms of 
having a range of negative real-life consequences.

One example of this is the recent paper of Nearing et al. (2024), who 
introduced Google's global AI system for predicting floods in ungauged 
basins, in which it is claimed that the system is suitable for issuing 
operational warnings for extreme floods at multi-day lead times. How
ever, these claims are based on model evaluation criteria and metrics 
that are calculated using several subjective choices, the impact of which 
has not been investigated: (i) flood events are defined using return- 
period thresholds computed separately on the modelled and observed 
data; (ii) a “hit” is counted when model and observed hydrographs cross 
their respective thresholds within a ± 2-day window; and (iii) 

hydrological extremes are emphasized at return periods ≤ 10 years. In 
addition, benchmarking relies primarily on a single global baseline 
model, GloFAS, which is an operational global early-warning system 
intended to provide large-scale, transboundary flood guidance to sup
port preparedness and response, and is often used as a complementary 
source rather than as a locally calibrated operational forecasting model. 
In this short paper, we apply the framework in Fig. 1 to provide an in
dependent assessment of the claims of Nearing et at. (2024) that the 
Google AI model “achieves reliability in predicting extreme riverine 
events”, provides “accurate and timely warnings” and is suitable for 
real-world deployment across the globe (in fact, according to Nearing 
et al., the system has already been integrated into an early-warning 
platform producing open, real-time forecasts in more than 80 coun
tries). This is achieved by re-evaluating the system along four key di
mensions used in Nearing et al. (2024): (i) Accuracy—the choice of a 
threshold to classify an event as a flood and how this threshold is 
calculated, (ii) Timeliness—the choice of the acceptable level of fore
casting peak timing error, (iii) Applicability to Extreme Events—the 
choice of what constitutes an extreme event, and (iv) Benchmarking 
Against the State-of-the-Art—the choice of alternative model used to 
evaluate the AI model's performance.

2. Assessment of suitability of the google AI model for 
operational deployment

Our assessment proceeds in three steps following the framework in 
Fig. 1 to evaluate whether the results presented in Nearing et al. (2024)
support the claim that the model is suitable for deployment in real-world 
operational settings. The first two steps assess whether the results ob
tained using the selected model evaluation criteria and metrics support 
the statements that the model provides “accurate and timely warnings” 
and “achieves reliability in predicting extreme riverine events” by 
analyzing their sensitivity to subjective modelling choices. The third 
step provides a qualitative assessment of the suitability of the bench
mark model.

In the first step, we revisit the model evaluation performances re
ported by Nearing et al. (2024) for all of the 5,065 gauged basins they 
considered in terms of the choice of (i) and (ii) above by anchoring flood 
thresholds to actual real-world observations and requiring same-day 
concurrence for nowcasts. To do so, we modify the original evaluation 
code by using observed, rather than modelled streamflow, as done by 
Nearing et al. (2024), to determine actually observed threshold ex
ceedance. In addition, we have changed the timing tolerance for the 
occurrence of flood peaks from ± 2 days (window = 2) used by Nearing 
et al. (2024) to 0 days (same-day concurrence). Next, we assess the 
model’s applicability to extreme events—choice (iii)—by pooling rare 
(≥50- and 100-year) events across basins and evaluating performance 
on the combined event set, since metrics for very rare floods are 
otherwise unstable and easily distorted by the low frequency of posi
tives. Finally, we discuss whether the choice of relying on a single 
“global” benchmark – choice (iv) − may risk obscuring local hydro
climatic and operational nuances, leading to misleading performance 
claims.

2.1. Accuracy and timeliness

The subjective choices made in relation to (i) and (ii) can have a 
significant impact on the perceived performance of the developed 
model. Nearing et al. (2024) chose to define a flood prediction for a 
given return period as a ‘true positive’ “…if the modelled hydrograph 
and the observed hydrograph both cross their respective return period 
threshold flow values within two days of each other”, with these 
threshold-flow values “…calculated for observed time series and for 
modelled time series separately”.

The fundamental issues with these definitions lie in the choice of (i) 
the reliance on modelled time series in gauged basins instead of actual 

Fig. 1. Proposed framework for developing AI models for use in real-world 
operational settings.
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observations to determine the threshold indicating flood occurrence at a 
specific point and (ii) deeming two-day lags (instead of zero-day lag) in 
prediction as acceptable, even in nowcasting. Fig. 2a illustrates the 
approach by Nearing et al. (2024) in interpreting a ‘true positive’ for a 
10-year flood during a hypothetical flood event.

With respect to choice (i), while computing thresholds separately for 
modelled and observed flows is an approach sometimes adopted to ac
count for systematic magnitude bias (Hirpa et al., 2016; Thielen et al., 
2009), such approaches are not intended to substitute for observation- 
anchored assessments when retrospectively evaluating real-world 
flood occurrence and operational warning performance using histori
cal data (Oh and Bartos, 2025). One could argue in support of the 
Nearing assessment approach that performance assessments based on 
historical observations are not possible in ungauged basins. However, 
this argument overlooks an important point: building confidence for 
applying a model to ungauged basins inevitably requires first evaluating 
its performance in basins where observed real-world data are available 
for comparison. If the model is inconsistent with these observations and 
therefore does not perform well in gauged basins, it is unlikely to 
perform well in ungauged ones.

Delving deeper into this choice reveals that it can lead to a funda
mental misassessment of model performance. Consider for instance the 
hypothetical event shown in Fig. 2b, which the Google AI model would 
classify as a ‘true positive’. However, the correct assessment should be a 
‘false negative’ because the observed event exceeded the 10-year flood 
threshold, while the modelled event did not. More importantly, in cases 
where model performance is nearly perfect in replicating observations 
during events such as those shown in Fig. 2c-d, the model’s interpreta
tion algorithm would incorrectly label them as ‘false positive’ and ‘false 
negative’, respectively. In reality, the model accurately predicts a ‘true 
negative’ and a ‘true positive’ in Fig. 2c and 2d, respectively.

Fig. 3a illustrates the impact of choice (i) on model performance 
assessment in isolation, while Fig. 3b demonstrates its combined impact 
with choice (ii)—a comparison with the results of Nearing et al. (2024)
with new results obtained when these subjective choices are removed. 

This comparison reveals a significant overestimation of forecast accu
racy by both the AI model and the benchmark model (GloFAS), with 
performance dropping notably when benchmark forecasts are replaced 
by real observations. Here, the event-detection skill was evaluated using 
F1-score (equation (1), which is the harmonic mean of precision (the 
fraction of correctly predicted events over all predicted events; see 
equation (2) and recall (the fraction of correctly predicted events over 
all actual events; see equation (3), so low F1 values indicate both 
frequent misses and frequent false alarms. 

F1 =
2 • Precision • Recall

Precision + Recall
(1) 

Precision =
TP

TP + FP
(2) 

Recall =
TP

TP + FN
(3) 

where TP means true positives: predicted positive and actually pos
itive. FP means false positives: predicted positive but actually negative. 
FN means false negatives: predicted negative but actually positive. Our 
evaluation of choice (i) in Fig. 3a suggests that switching from model- 
based to observation-based thresholds generally reduces the F1-score, 
with one exception at the 1-year return period, where the observation- 
based threshold for the Google AI model is lower than the model- 
based threshold.

We do not argue that the use of modeled thresholds is illegitimate in 
all contexts. Rather, we show that for the specific purpose of evaluating 
claims about real-world flood warning performance, this choice 
considerably alters event classification in ways that obscures magnitude 
and timing errors relative to observations. Sensitivity testing against 
observation-anchored thresholds is therefore not optional but necessary 
to support robust interpretation of categorical metrics in high-stakes, 
operational contexts. This distinction is particularly important given 
that our results demonstrate poor performance in gauged river basins 
where observational data are available for validation. In hydrological 

Fig. 2. Hypothetical examples of flood events at a gauge: (a) shows how a ‘true positive’ is defined in Nearing et al. (2024). Nearing et al. would assess (b) as ‘true 
positive’ while it is actually a ‘false negative’ when compared with observed data. They would assess (c) as a ‘false positive’ while it is actually a 'true negative' and 
(d) as a ‘false negative’ while it is actually a ‘true positive.’ Note that in the case of (c) and (d), the model predictions are nearly perfectly accurate/true (i.e., observed 
and modeled data match nearly perfectly).
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modelling, the only rigorous, evidence-based basis for expecting reliable 
performance in ungauged basins is first to demonstrate reliable perfor
mance in gauged basins with observed ground-truth data. When a model 
cannot deliver meaningful accuracy in locations where observations 
exist, there is no empirical foundation to support claims of superior 
performance in ungauged regions. Distinguishing between these con
texts is therefore essential for responsible communication and for 
assessing the suitability of AI-based flood forecasts in high-stakes 
operational settings.

Regarding (ii), while Nearing et al. (2024) do not provide a justifi
cation for this choice, the implied assumption is that errors of up to two 
days in estimating the arrival time of floods are adequate for real-world 
flood warnings. However, this is unlikely to be true for many basins 
worldwide. As shown in Fig. 3b, the models perform very poorly when 
we remove choice (ii) by redefining a 'true positive' to mean the pre
dicted and actual floods must occur on the same day. For instance, the 
median F1-score for 5-year floods drops from ~ 0.42 (see Fig. 3a) to 
under 0.20 (see Fig. 3b) for the Google AI model, even if choice (i) is 
considered acceptable. This is a crucial consideration because accurate 
flood timing is critical for effective emergency response, not just the 
predicted severity of the flood.

For clarity, and to avoid potential misinterpretation by non-specialist 
readers, we emphasize that a ± 2-day error in flood-timing accuracy 
should not be conflated with forecast lead time, noting that a 2-day lead 
time is in fact desirable for enabling actions such as evacuation and 
resource allocation. Lead time refers to how much advance notice is 
provided before a flood event occurs, enabling preparedness and 
response, whereas timing accuracy concerns how precisely the timing of 
the flood peak is predicted. Our criticism is not related to lead time. 
Rather, it concerns the acceptance of substantial errors in predicting the 
timing of flood peaks. We emphasize that the analysis in this paper fo
cuses on the nowcast case (i.e., zero lead time). Under this scenario, a 2- 

day timing error can be particularly problematic—for example, pre
dicting that a flood is occurring today (current time step) when the event 
in fact occurred two days earlier leaves no opportunity for preparedness 
or response, undermining the rationale if such conflation is used in ways 
that could mislead end users into accepting these timing tolerances.

2.2. Applicability to extreme events

The claim that the Google AI model can reliably predict extreme 
events is not well supported by the results presented, as they are for 
return periods of 10 years or less—choice (iii)—which can hardly be 
considered extreme. When we analyzed the results for actual extreme 
events with return periods of 50 and 100 years, as shown in Fig. 3c and 
d, we found a significant reduction in the AI model’s prediction accu
racy, with F1-scores of less than 0.03 and 0.02 for 50- and 100-year 
floods, respectively, assessed globally across all basins.

It is important to note that training and evaluating performance of 
data-driven models for extreme events is challenging due to the inherent 
infrequency of such events. For example, in the dataset used by Nearing 
et al. (2024), only about 260 out of the 5,065 basins contain 100-year 
flood events. Therefore, our new results are based on a global evalua
tion across all basins instead of a basin-by-basin analysis, aggregating all 
identified events for each return period and calculating the metrics 
based on the combined data. Even under a global aggregation, the model 
exhibits very low recall with fewer than 6%, 5%, and 6% of actual 10-, 
50-, and 100-year flood events correctly predicted under nowcast con
ditions by the AI model. Similarly, precision stands at just 7%, 2%, and 
1%. Moreover, these figures underscore substantial errors, including 
‘false negatives,’ where missing a high-flow event can lead to disaster, 
and ‘false positives,’ where frequent false alarms erode public trust, 
causing people to ignore warnings and remain unprepared when real 
danger strikes. False negative rates even in nowcast account for 94%, 

Fig. 3. (a) Performance of models in nowcast (i.e., zero lead time, corresponding to estimating current river flow conditions in response to a storm that has already 
occurred) when evaluated against model-based return periods, as reported by Nearing et al., compared to their performance when evaluated against observation- 
based return periods, where a prediction within two days of the actual flood event is considered accurate. (b) Reassessment of the models’ performance when a 
‘true positive’ is redefined to require the predicted and actual floods to occur on the same day. (c) Average performance of models globally using a two-day window 
for event identification, combining data from all basins for calculating metrics rather than conducting a basin-by-basin analysis. The red text in the bottom row 
represents recall values, while the blue text represents precision values for the first two bars associated with the Google AI model. (d) Average performance of models 
globally using a same-day criterion for event identification. All results shown correspond to the nowcast setting; forecasts with lead times of one or more days would 
necessarily exhibit lower predictive skill due to the additional uncertainty introduced with increasing lead time. The results presented are based on the codes and 
modelling results provided by Nearing et al. (2024), with minor discrepancies due to updates in the historical observation database [https://grdc.bafg.de/] since their 
original work. The numerical statistics underlying this plot are provided in Table S1 and S2. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)
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95%, and 94% of prediction cases for 10-, 50-, and 100-year flood 
events, respectively, while false positive rates occur in 93%, 98%, and 
99% of cases. Even if choices (i) and (ii) were deemed acceptable, the 
rates of false negatives (positives) in nowcast would still be alarmingly 
high: 66% (68%), 79% (79%), and 86% (83%) for predictions of 10-, 50- 
, and 100-year flood events, respectively.

One could argue, as reflected in the framing of Nearing et al., that 
higher return periods need not be considered because Early Action 
Protocols (EAPs) are triggered at relatively lower flood thresholds, 
suggesting that distinguishing between, for example, a 20-year and a 50- 
year event is of limited operational relevance once a warning has been 
issued. However, in practice, higher return periods are explicitly used in 
many operational contexts. For instance, 20-year thresholds are adopted 
in EAPs in regions such as Zambia (Anticipation Hub, 2023) and parts of 
Europe (Alfieri et al., 2018). In addition, this argument conflates the 
trigger threshold of an early-warning system with the magnitude of the 
event being forecasted. For example, for extreme or catastrophic events, 
accurate magnitude estimation is critical for prioritizing evacuations, 
allocating emergency resources, and protecting critical infrastructure. 
Low predictive skill at these magnitudes therefore cannot be dismissed 
solely on the basis that a lower trigger threshold may already have been 
exceeded.

2.3. Benchmarking against the state-of-the-art

The subjective choice (iv) of the benchmark model in Nearing et al. 
(2024) can also have a considerable impact on the perceived perfor
mance of the Google AI model. GloFAS, against which the Google AI 
model is compared, is the only operational, physics-based, openly 
available “global” flood forecasting system. Our results show that, under 
both thresholding approaches, the Google AI model continues to 
outperform GloFAS in relative terms. However, GloFAS is not intended 
to represent the available forecasting capability for real-world flood 
warning in many regions. In operational practice, flood emergency 
response is often supported by locally or regionally calibrated models 
that are tailored to basin-specific hydrological processes, human regu
lation, and local climatic conditions, and which frequently outperform 
such global models (Dasgupta et al., 2025; Fleischmann et al., 2019). 
Consequently, relying exclusively on a “global” benchmark risks missing 
crucial local insights, losing context, and skewing model assessments. 
Nearing et al. (2024) appear to have exploited the poor performance of 
GloFAS in many parts of the world to argue that their model is reliable in 
those same regions. However, outperforming a weak benchmark does 
not in itself establish a model’s practical usefulness. As we demonstrate 
in this paper, the Google AI model's performance can be extremely poor 
— with precision and recall rates as low as ~ 1% and ~ 6%, respectively, 
for 100-year return period events, meaning that, for such extreme floods 
with a magnitude that can, on average, be expected to occur every 100 
years, only 1 out of every 100 flood warnings issued by the model are 
correct.

Consequently, while benchmarking against the GloFAS model is an 
important, interesting and valid exercise from a scientific and research 
point of view, it is insufficient to support claims that the global Google 
AI is ready for deployment in real-world operational settings. Such 
claims need to be supported by a multi-tiered benchmarking strategy, 
combining global, continental, and regionally calibrated models where 
available. There are emerging alternatives at continental and large- 
regional scales that may provide more informative points of compari
son. For example, systems such as GEOGLOWS and Hillslope Link Model 
(HLM), along with other continental-scale hydrological forecasting 
frameworks, have demonstrated strong skill in specific regions and 
represent an intermediate class between global models and fully local, 
operational forecasting systems (Michalek et al., 2024; Qiao et al., 2019; 
Sikder et al., 2019; Souffront Alcantara et al., 2019). Where feasible, 
comparing AI-based forecasts with such systems would help determine 
whether improvements over GloFAS translate into gains relative to the 

models that are actually used in practice. This would offer a more robust 
and decision-relevant assessment of whether AI-based flood forecasting 
systems meaningfully advance flood warning and risk management 
practice and are ready and suitable for operational use.

3. A responsible modelling lens

Our analysis does not reject the promise of AI-based flood fore
casting, but it highlights how the global scaling of such systems also 
amplifies the epistemic and ethical stakes of modelling choices. The 
rapid deployment of AI models, without following the steps outlined in 
Fig. 1, can overlook critical aspects of model functionality and essential 
technology transition stages, creating the risk of “algorithmic harm” for 
affected communities (Lavin et al., 2022; Raji et al., 2022), as mentioned 
in the Introduction. Such harm can be substantial given the catastrophic 
impacts of floods, which are exacerbated by climate change, land-use 
change, and population growth (Hamers et al., 2024; Razavi et al., 
2020), particularly in less-developed countries such as those targeted by 
the Google model (Hamers et al., 2024; Razavi et al., 2020).

Errors in model outputs can have profound consequences. For users, 
this may mean that faulty flood warnings negatively affect their 
everyday lives and livelihoods, and potentially undermine their trust in 
science, or exacerbate existing distrust. For developers, such errors can 
damage credibility and lead to long-term setbacks for the adoption and 
advancement of technology itself. In this context, “responsible model
ling” offers a valuable lens for understanding these challenges and 
identifying ways forward (Nabavi, 2022). Research in this area em
phasizes that hydrological models are not merely neutral artefacts 
(Saltelli and Di Fiore, 2023), but act as “intervention technologies”, with 
activities and responsibilities that are socio-technical in nature (Nabavi, 
2025). Applying a responsible modelling perspective to AI-based flood 
forecasting encourages us to carefully examine the assumptions, choices, 
and boundary judgments that underpin data and method selections. 
These choices influence not only the performance and reliability of the 
model but also how responsibility is conceptualized and practically 
distributed between developers and end-users (Nabavi et al., 2024). At 
its core, responsible modelling seeks to ensure that the modelling pro
cess remains attentive to these considerations and, ultimately, that 
models serve society (Saltelli et al., 2020).

The modelling community increasingly frames “good modelling 
practice” as a professional norm and research priority, promoting 
transparency, reproducibility, and documentation to strengthen the 
quality, credibility, and societal legitimacy of models (Jakeman et al., 
2024; Maier et al., 2024; Maier et al., 2023). Critical social science 
research also emphasises the need for reflexive engagement with 
modelling as a situated practice, shaped by social and institutional 
contexts. It recognises that models have power and can shape futures of 
how, and for whom, water is governed, and with which implications for 
justice and sustainability (Alba et al., 2025; Klein et al., 2024; Melsen, 
2022).

Thus, we do not argue against the potential of AI-based models for 
hydrological forecasting, as numerous studies have already shown the 
superiority of AI-based models over traditional hydrological models in 
terms of accuracy and precision in nowcasting and short-lead time 
forecasting (Arsenault et al., 2023; Coulibaly et al., 2000; Kratzert et al., 
2019; Rezaeianzadeh et al., 2013). However, extending these successes 
to global flood forecasting, as well as to claims of operational readiness, 
requires greater caution. Specifically, this paper is not intended to 
identify flaws in the modelling approach itself (i.e., conventional Long 
Short-Term Memory (LSTM) network modelling); rather, it examines the 
subjective choices made in model assessment that may have led to 
inflated performance metrics and a premature push toward large-scale 
deployment.

Relevant issues to consider have been identified in several studies 
that have examined the performance of LSTMs in rainfall–runoff 
modelling. For example, Bayati et al. (2026) identified deficiencies in 
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the functional realism of LSTM models using catchment hydrology 
principles, demonstrating how such limitations can compromise the 
robustness of LSTM-based forecasts under hydrological extremes and 
both short- and long-term climatic shifts. Along similar lines, Gupta 
(2025) argues that evaluations of geo-scientific AI needs to move beyond 
a narrow focus on accuracy and precision—which corresponds to first- 
order generalization (Ji et al., 2025)—and instead incorporate explicit 
out-of-distribution testing and higher-order generalization abilities, 
which Gupta (2025) conceptualizes as extending up to fourth order.

Furthermore, significant challenges remain in improving data qual
ity, model structures, and our overall understanding of hydrological 
processes (Rudlang et al., 2025; Thyer et al., 2024). We therefore sug
gest that future innovation should focus on developing the next gener
ation of models that harness AI’s unique features, such as flexibility and 
scalability across diverse data sizes and types, while staying true to local 
knowledge and nuances in both natural processes and human-driven 
elements (e.g., reservoirs and diversions) and principles of model 
explainability and falsifiability (Razavi et al., 2022).

Taken together, these considerations frame a responsible modelling 
lens through which the results of our analysis should be read. From this 
perspective, it is important to place our assessment on the scholarly 
record—not only to advance open scientific discourse and correct the 
record, but also to help safeguard societies that rely on accurate and 
trustworthy flood forecasts, which is an important component of the 
assessment of the real-world operational readiness of AI models (see 
Fig. 1). The issues at stake extend beyond a purely technical discussion; 
they relate to standards of research and publication in an era where AI- 
driven models increasingly inform public policy and safety–critical de
cisions. We recognize that such discussions may involve conflicts of 
interest, including corporate and editorial considerations, yet trans
parency and independence remain central to scientific credibility. Ulti
mately, our aim is to encourage a culture of responsible modelling, 
innovation, and publicity—one in which rigorous evidence, open dia
logue, and scientific integrity guide technological advancement.
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