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ABSTRACT
This commentary considers the recent explosion of models based on Deep Learning/Machine Learning methods in hydrological 
journals and how their application might better contribute to hydrological understanding in the face of epistemic uncertainties 
in an inexact science.

It seems that every contents list of every hydrological journal is 
now dominated by papers that make use of methods of machine 
learning or deep learning (DL), encouraged, it seems, by the way 
in which DL models have demonstrated improved predictive 
ability relative to more conceptual modelling approaches and 
the ready availability of software (and perhaps just because it is 
fashionable and DL software is readily available). Improved pre-
dictive ability by some measure is, of course, a very important 
result. It shows that we have more to learn about the represen-
tation of hydrological processes—or also about the uncertain-
ties and errors in the hydrological data that are used to train the 
models.

Because, as yet, there is no real explanation of what is leading 
to this improved predictive ability (although it has been shown 
that adding hydrological constraints to DL models might add 
little to predictive power—see, for example, Álvaraz Chaves 
et  al.  2026). It is also still the case that, in applications of DL 
to large sample catchment data sets, there is still a significant 
number of catchments where the fit is poor and the model can-
not be considered as fit-for-purpose (as discussed previously in 
Beven 2023, see also Figure 5 in Álvarez Chaves et al. [2026] for 
the CAMELS-UK dataset as a recent example).

This does perhaps suggest that, at least in some catchments, DL 
methods can to some extent compensate for limitations in un-
derstanding of processes and the inexactitudes of hydrological 

data in ways that we do not yet properly understand. For hy-
drology is, indeed, one of the inexact sciences (Beven 2019a). It 
deals with processes that mostly cannot be properly observed 
at the scales of predictive interest. It makes observations that 
do not adequately represent the fluxes of interest (including ac-
tual inputs to catchment areas and evapotranspiration losses 
over heterogeneous catchment areas). One of the most import-
ant fluxes, stream discharge, is almost always not measured 
directly, but inferred from measurements of water levels with 
all the potential uncertainties that can involve, particularly in 
channels with mobile beds and during overbank flows (Beven 
and Westerberg 2011; Beven et al. 2012; McMillan et al. 2012, 
2018). Other subsurface discharges from a catchment area may 
not be measured at all. Thus, any model representation of hydro-
logical processes will necessarily also be inexact. These are, in 
fact, all sources of epistemic uncertainties in hydrology analysis 
and prediction. Epistemic uncertainties are those that are the 
result of a lack of knowledge, rather than uncertainties that can 
be represented as ‘irreducible’ aleatory statistical variability.

Let us restate some of the implications of accepting that epis-
temic uncertainties are an issue in hydrological analysis and 
prediction. The nature of epistemic errors means that there may 
be inconsistencies in data series that, in interaction with the 
epistemic error of model structural error, will affect any model 
calibrations and that may not be reduced by integration over a 
time series as might be expected by aleatory statistical errors. For 
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example, nearly all modelling papers do not consider that some 
of the data available might be disinformative for the purpose of 
model evaluation (e.g., where events have apparent runoff coef-
ficients greater than 1, see Beven and Smith 2015; Beven 2019a, 
2024). As a result, we should not expect there to be any clear op-
timal model, but rather many different model formulations that 
might be acceptable in relation to the uncertainties in the data 
(the equifinality thesis of Beven 2006). We also expect that dif-
ferent epistemic errors in different sections of the available time 
series, or different objective functions and observables used in 
evaluation in interaction with the epistemic errors, will result in 
different, sometimes quite different, optimal models for a given 
catchment (and the same will apply for large sample catchment 
data sets).

It has been suggested to me recently that optimised DL models 
are a solution to the equifinality problem but I cannot see how 
this can be the case, particularly when their many, many param-
eters are optimised with respect to the Nash-Sutcliffe Efficiency 
(with its known deficiencies, e.g., Melsen et al. 2025), as is still 
the case in many recent studies. While such models might in-
deed produce higher values of efficiency, how can they be im-
mune from the impacts of epistemic error on the optimisation? 
Is it only the case that, relative to conceptual models, they can 
identify some consistency in the data uncertainties that allows 
them to overfit to the errors? And, with so many parameters or 
weights to be identified, why should it not the case that there 
will be other sets of weights (or internal structures) that will be 
very nearly as good in fitting the training data as that chosen as 
the optimum. As far as I know, no studies have yet evaluated 
the possibility for equifinality in sets of weights or structures 
in DL models—but that does not mean that allowing for data 
uncertainties will not reveal similar equifinalities to more tradi-
tional models with many less parameters and consequently less 
flexibility.

It is perhaps worth re-emphasising that hydrology as an inex-
act science is revealed more in those catchments where even DL 
models fail to provide good predictions. This tail of poorly fitting 
catchments is surely the most interesting result hydrologically 
but is mostly totally ignored in the discussion of the results. It 
is the most interesting because, particularly in the inexact sci-
ences, it is the case that we will learn more from considering 
failures than from successes. We do not learn much from accept-
ing an optimal model as fit-for-purpose if that model is difficult 
to interpret or if there are some important aspects of the model 
predictions that do not reproduce what is required for the pur-
pose at hand.

So, if we wish to progress the science, it is far more important 
to pose the question just why it is that there are catchments for 
which DL (and other conceptual hydrological models) fail to pro-
duce acceptable predictions? This is certainly primarily a matter 
of epistemic uncertainties in the data sets. In semi-arid and arid 
catchments, for example, that may simply be a matter of how 
a limited number of rain gauges cannot represent the pattern 
of inputs, even in experimental catchments. It may also be the 
case that a catchment scale model structure, with catchment 
averaged inputs, cannot reproduce the complex spatial patterns 
of antecedent conditions that, in interaction with the pattern 
of input rainfalls in space and time, will control the runoff 

generation processes. This is, again, another form of epistemic 
uncertainty. The important point here is that these failures need 
to be investigated as part of the learning process so as to under-
stand how we might be able to do better in future.

This, of course, is not new. It has been stated in different ways 
by myself and others in the past (e.g., Beven 2020, 2021, 2023). 
The odd thing is how it continues to be overlooked in papers 
that do not take any account of the implications of epistemic un-
certainties. There are recent papers that continue to present the 
results only of ‘optimal’ DL models. There are recent papers that 
continue to treat uncertainties only as aleatory variability. There 
are still modelling papers that do not mention any uncertainties 
associated with their predictions at all.

How then can we improve practice as the use of DL methods ma-
tures, and as a consequence improve our hydrological science? 
Two important improvements would be a much closer examina-
tion of hydrological data for modelling purposes, and of model 
results as fit-for-purpose (Beven 2019b; Beven and Lane 2022). 
Clearly, that has not been the practice in the application of DL 
models, which suggests that there is, in fact, more to learn about 
both data and models to understand how DL can compensate for 
deficiencies in data and adapt to different objective functions. 
There also needs to be improved process representations in hy-
drological models. In this respect there will surely be a role for 
DL models as we gain understanding of how best to use them 
(see the ‘Period of Consolidation’ suggested in Beven  2025a 
and the Great Hysteresis Challenge of Beven et al. 2026). That 
understanding will need to address the problem of how to dis-
aggregate the epistemic uncertainties in the modelling process 
into those associated with structural uncertainties in the repre-
sentation of processes and those associated with some consis-
tent data uncertainties (noting that if the data uncertainties are 
purely inconsistent then DL will find no information content for 
improved prediction).

This does not matter, of course, if the aim of the modelling is 
only improved prediction for purposes such as adaptive flood 
forecasting or infilling of data series, when the means of im-
proved prediction is really not important (even if residual uncer-
tainties might still be important to decisions). It does matter if, 
on the other hand, we are interested in predictions of changed 
conditions, whether that be changes to the inputs or changes in 
the catchment itself, which might result in behaviours outside 
the range of the training data. Somewhat amusingly with the 
benefit of hindsight, there is an analogy here with the similar 
argument made many decades ago in favour of the use of dis-
tributed ‘physically-based’ models of hydrological processes 
(see, e.g., Beven and O'Connell, 1982). That argument was based 
on the idea that such distributed models would be a better repre-
sentation of the processes in a catchment, and the idea that the 
parameters of the model, as ‘physically-based’ would be much 
easier to change to represent changing characteristics in a more 
realistic way. Neither of those ideas proved to be correct—the 
process representations were not sufficiently realistic and the 
effective values of the parameters too difficult to estimate with 
any certainty.

There is a resonance here with the recent work of Álvarez Chaves 
et al. (2026), who suggest that when DL is allowed to vary the 
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parameters of conceptual models in predicting discharges, little 
of the predictive capability comes from the physical constraints 
imposed by the conceptual model structures. This really sug-
gests that DL is using parameter variations to compensate for 
both model structural limitations and epistemic errors in the 
input and calibration data. We can also draw an analogy here 
with the earlier studies of Thyer et  al.  (2009) using Bayesian 
Total Error Analysis (BATEA) which used event rainfall multi-
pliers to improve model performance. The result was a distribu-
tion of multipliers spanning a wide range (0.5 to > 3) that really 
appeared physically unrealistic, but which necessarily reflected 
the interactions between model structural limitations and epis-
temic errors in the input and calibration data. In this case, that 
interaction somewhat was more easily interpretable than the 
implicit nature of the compensation in the DL models, though 
it is clear from the parameter value time series plots in Álvaraz 
Chaves et al. (2026) that there is an interaction between the pa-
rameter values and the hydrological state of the catchment. That 
information is being exploited by the DL models.

We need to understand these compensating effects, not simply 
declare success as improved predictive performance on some 
(rather arbitrary) objective function, but to understand what is 
leading to how that information is being exploited. One issue is 
that epistemic errors in the input data can be compensated by 
an adjustment to either parameters or event rainfall multipliers. 
Underprediction can be compensated by a change in parameter 
value(s) or by increasing the rainfall multiplier. Overprediction 
can be compensated by a change in parameter value(s) or by 
decreasing the rainfall multiplier. This then means that timing 
is important because those changes will then affect how well a 
model will be able to produce the next event (and subsequent 
events). But a lot of that timing information will be lost when 
models are fitted on the basis of global objective functions such 
as KGE or NSE. Disaggregating and understanding such com-
pensating effects over time is clearly a very challenging problem 
(and made worse if we allow for any equifinality of model repre-
sentations), but it is surely not a problem that should be ignored.

So, what should be the priorities in trying to do so? I would sug-
gest that the greatest priority is to take much more care about 
evaluating hydrological data and trying to identify epistemic 
uncertainties in hydrological data before any modelling exer-
cise of whatever type. This is not standard practice. We take any 
estimates of catchment average or gridded rainfall inputs, esti-
mates of snow water equivalents, or discharge observations gen-
erally supplied without any associated estimates of uncertainty 
as given and ‘true’. This is perfectly understandable for many 
practical applications in hydrology where there is neither time 
nor money available to do more. But it should not be the case in 
research applications where the aim is greater understanding of 
the modelling process. In doing so, assessing the potential for 
epistemic errors in the data used for modelling is surely fun-
damental to any better understanding. A good place to start in 
this respect would be by trying to understand those catchments 
where the fit of DL models remains poor.

A second priority is perhaps to improve our model evaluations 
in terms of what is fit-for-purpose given the assessment of un-
certainties in the data (see Beven and Lane 2022; Beven 2023). 
This might mean concentrating on particular aspects of model 

performance for the purpose at hand (e.g., Beven et al. 2022) or 
on the use of different types of observable in model evaluations 
(e.g., Fang et al. 2013; Ehlers et al. 2019). Where those observ-
ables are spatially distributed then that might require spatially 
distributed models (with all the additional parameter dimen-
sions that implies) to make full use of the additional information 
and the implications for the representation of hydrological pro-
cesses (e.g., Beven 2023, 2025b).

One feature that is normally included in any definition of 
epistemic uncertainty is that it might be reduced by obtain-
ing more understanding or knowledge about that uncer-
tainty. Should this be an identified aim for DL in this ‘Period 
of Consolidation’? It might be a valuable direction for further 
research since it is clear that the challenge of learning about 
hydrological epistemic uncertainties, and their disaggregation, 
has been largely neglected. While this is understandable be-
cause of the difficulties involved, and too late for me now as 
long retired, it is surely fundamental to making real advances 
in progressing the science.
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