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 40 
Abstract 41 
Machine learning (ML) is rapidly transforming hydrologic modeling, delivering remarkable predictive 42 
capabilities across applications. Yet a fundamental question remains: does greater predictive performance 43 
necessarily advance hydrologic process understanding? While ML models can outperform process-based 44 
approaches, they often provide limited mechanistic insight, violate physical constraints, and struggle 45 
beyond their training data. We refer to this tension as the “Machine Learning Paradox in Hydrology”: the 46 
flexibility that enables ML to capture nonlinear catchment responses can also decouple predictive 47 
performance from mechanistic interpretability. This tension raises a broader challenge for hydrologic 48 
modeling: how can predictive models be used not only to forecast system behavior, but also to test, refine, 49 
and advance understanding of the processes that govern it? In this Perspective, we propose a framework for 50 
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advancing data-driven hydrologic modeling based on five dimensions: predictive skill, physical plausibility, 51 
extrapolative robustness, process-diagnostic value, and theory-building capability. Using examples of ML 52 
underperformance across the conterminous United States (CONUS), we illustrate how model failures can 53 
reveal unresolved processes, missing information, and limitations in existing physical representations and 54 
theory. We then propose four complementary strategies to address the ML paradox: physics-informed ML, 55 
explainability, transfer learning, and residual structural learning. Such capabilities would transform hybrid 56 
models from predictive tools into process-informed reasoning systems that actively support hypothesis 57 
testing, model falsification, mechanistic interpretability, and theory development. 58 
 59 
Keywords: Machine learning; Hydrologic modeling; Hybrid machine learning; Explainability; Residual 60 
structural learning; Mechanistic interpretability. 61 
 62 
 63 
Short Summary 64 
Machine learning can predict hydrological variables remarkably well, but accurate predictions do not 65 
always explain how catchments respond to rainfall and changing conditions. By examining cases across 66 
CONUS where machine learning models underperform, we show how their failures can reveal overlooked 67 
processes and limitations in existing models. We propose a framework that combines data-driven methods 68 
with physical knowledge to improve predictions and advance hydrologic understanding. 69 
 70 

1. When Can Machine Learning Advance Hydrologic Understanding? 71 
Machine learning (ML) is transforming hydrologic science, reshaping how hydrologists model and predict 72 
the response of complex environmental systems. Across a growing range of applications including 73 
streamflow prediction, flood forecasting, drought monitoring, water quality assessment, and hydrologic 74 
model emulation, ML models are routinely achieving predictive performance often exceeding that of 75 
traditional conceptual and process-based models (Kratzert et al., 2019; Nearing et al., 2021; Shen et al., 76 
2023; Sadeghi Tabas et al., 2025). The availability of large sample hydrologic datasets, advances in 77 
computational power, and increasingly sophisticated ML models have accelerated the adoption of data-78 
driven approaches throughout the hydrologic sciences. 79 
 80 
Historically, hydrologic models have been developed for two primary purposes (1) to generate accurate 81 
predictions, often to aid decision making, and (2) to improve our understanding of the processes governing 82 
the movement, storage, and transformation of water across landscapes. Process-based models therefore 83 
serve a dual scientific purpose. They provide practical predictive tools while simultaneously representing 84 
hypotheses about catchment behavior. These hypotheses are expressed through conservation laws and 85 
representations of process interactions governing the movement of water, energy, and constituents (Abbott 86 
et al., 1986; Maxwell and Miller. 2005; Wood et al., 2011; Mendoza et al., 2015; Asher et al., 2015; Elkouk 87 
et al., 2024; Staudinger et al., 2025) These models hence enable researchers to test, refine, and potentially 88 
falsify hypotheses about hydrologic system behavior through comparison with observations (Wagener et 89 
al., 2010; Clark et al., 2011; Beven, 2012). ML models fundamentally challenge this traditional relationship 90 
between prediction and understanding. Modern ML models can learn highly complex, nonlinear 91 
relationships directly from observations without requiring an explicit representation of the physical 92 
processes that generate those observations (Vapnik, 1998; LeCun et al., 2015). As a result, while ML models 93 
may achieve remarkable predictive skills, they often provide limited insight into the mechanisms 94 
responsible for system behavior (Shalev-Shwartz and Ben-David, 2014), limiting our ability to improve 95 
process understanding (Lipton, 2018). This creates a tension between predictive success and broader 96 
scientific objectives such as improving our mechanistic understanding of complex hydrological systems.  97 
 98 
Here, we characterize this tension as the “Machine Learning Paradox in Hydrology”. The paradox arises 99 
because the same flexibility that allows ML models to capture complex hydrologic behavior can also 100 
obscure the mechanisms responsible for that behavior. Unlike process-based models, whose structures are 101 
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at least partially linked to physical hypotheses and governing principles, ML models can achieve highly 102 
accurate forecasts while providing limited insight into the governing hydrologic processes (Reichstein et 103 
al., 2019). This tension manifests through several interconnected challenges that affect ML models, 104 
including the balance between prediction and explanation, the need for physical consistency, robustness of 105 
models under extrapolation, and the difficulty of extracting mechanistic interpretability from learned 106 
representations (Karpatne et al., 2017; Reichstein et al., 2019; Nearing et al., 2021; Beucler et al., 2021; 107 
Frame et al., 2022; Sadeghi Tabas et al., 2025). Framing the discussion as a paradox serves to surface a 108 
more important scientific question. The question should not be whether ML or process-based models are 109 
inherently better, rather, the more productive scientific question is: under what conditions does ML 110 
contribute to process understanding?  111 
This question echoes Beven’s (2012) vision of “models of everywhere” calling for moving beyond 112 
prediction toward models that actively advance process understanding and hydrologic theory. In this 113 
Perspective, we posit that the research community should move beyond the age-old debate between process-114 
based and data-driven modelling and instead ask how ML can contribute to hydrologic theory development.  115 
 116 

2. When Machine Learning Models Fail 117 
While ML models often demonstrate exceptional predictive skill, their performance varies across 118 
landscapes, hydroclimatic settings, and hydrologic regimes. These systematic failures can serve as 119 
diagnostic signals, revealing unresolved process interactions, missing information, and limitations in 120 
current hydrologic understanding. For example, we identified catchments across the conterminous United 121 
States (CONUS) where ML models such as Long Short-Term Memory (LSTM; Hochreiter and 122 
Schmidhuber, 1997) and Temporal Fusion Transformer (TFT; Lim et al, 2021) consistently underperformed 123 
conceptual and process-based models for daily streamflow prediction (Sadeghi-Tabas et al., 2025; Figure 124 
1), occur systematically in catchments with strong physiographic heterogeneity and complex storage 125 
dynamics. This suggests that there are key controls on streamflow variability that remain poorly represented 126 
in available training data (Table 1). 127 

Table 1. Typical failure modes of ML models in hydrology and their implications for hydrologic 128 
understanding. 129 

Failure mode Hydrologic 
characteristics 

Why ML 
struggles 

Scientific 
insight 

revealed 

Representative 
examples 

Criteria 
primarily 
stressed 

References 

Type A: 
Localized 
process 
dominance 
(flashy 
headwater 
systems) 

Small-to-medium 
catchments with 
rapid runoff 
generation, strong 
spatial 
heterogeneity, 
hillslope–channel 
connectivity, urban 
modification 

Important 
controls occur 
at spatial scales 
not represented 
by forcing data 
or catchment 
descriptors 

Highlights 
limitations in 
observations 
of fine-scale 
connectivity 
and 
anthropogenic 
influences 

Western Run, 
Jacob Fork, 
South Fork 
Roanoke 

Predictive 
skill; 
process-
diagnostic 
value 

Sadeghi Tabas 
et al. (2025); 
Wang & 
Karimi 
(2022); Song 
et al. (2025); 
Vischer et al. 
(2025); Jeong 
et al. (2026) 

Type B: 
Storage-
dominated 
systems 

Strong groundwater 
contributions, 
subsurface 
connectivity, 
delayed release, 
long catchment 
memory 

Internal storage 
states are 
poorly 
observed and 
difficult to infer 
from 
meteorological 
inputs alone 

Reveals 
importance of 
hidden states, 
catchment 
memory, and 
subsurface 
processes 
 
 

Cossatot River, 
Cypress Creek 

Process-
diagnostic 
value; 
theory-
building 
capability 

Sadeghi Tabas 
et al. (2025); 
Lees et al. 
(2021, 2022); 
De la Fuente 
et al. (2024) 
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Type C: 
Intermittent 
and 
Threshold-
Dominated 
Systems  

Ephemeral streams, 
transmission losses, 
runoff thresholds, 
long zero-flow 
periods interrupted 
by floods 

Rare events are 
underrepresent
ed in training 
data and 
difficult to 
learn 
statistically 

Reveals 
importance of 
threshold 
behavior and 
nonlinear 
process 
transitions 

Nueces River Predictive 
skill; theory-
building 
capability 

Sadeghi Tabas 
et al. (2025); 
Gutiérrez-
Jurado et al. 
(2019); 
Costigan et al. 
(2015); 
Kaplan et al. 
(2022) 

 130 
2.1. Type A: Localized Process Dominance 131 

Flashy headwater catchments represent one of the most persistent challenges for streamflow prediction 132 
using ML models. These rapidly responding catchments are characterized by short flow paths and localized 133 
runoff generation, that occur over spatial and temporal scales often finer than those represented within 134 
available forcing datasets (Figure 1). Examples include Western Run, Maryland (USGS 01583500; 154.9 135 
km²), Jacob Fork, North Carolina (USGS 02143040; 66.6 km²), and the South Fork Roanoke River near 136 
Shawsville, Virginia (USGS 02053800; 282.3 km²), where ML models consistently underperform relative 137 
to conceptual and process-based models (Tabas and Samadi., 2022; Tabas et al., 2023; Sadeghi Tabas et al., 138 
2025). Across the three catchments, hydrological models including Sacramento Soil Moisture Accounting 139 
model (SAC-SMA; Burnash, 1995), Variable Infiltration Capacity model (VIC; Liang et al., 1994), and 140 
Hydrologiska Byråns Vattenbalansavdelning (HBV; Bergström, 1976) achieved moderate but consistent 141 
performance (NSE ~ 0.54–0.66), whereas ML models achieved substantially lower skill (NSE ~ 0.13-0.39).  142 

Western Run is located within the Mid-Atlantic Piedmont near the Baltimore metropolitan region, where 143 
mixed rural–suburban–urban land use has substantially altered natural drainage connectivity through 144 
channel modification, road–bridge crossings, and localized stormwater inputs (Thomas et al., 2000).  145 
Consequently, streamflow dynamics are influenced not only by rainfall and antecedent moisture conditions 146 
but also by anthropogenic modifications to surface and subsurface flow pathways. In contrast, Jacob Fork 147 
is a steep, forested headwater catchment in the North Carolina Piedmont and Foothills region, where short 148 
flow paths and steep channel gradients produce rapid hydrologic response (Wilder and Simmons, 1982). 149 
Streamflow dynamics are strongly influenced by localized rainfall patterns, shallow subsurface storage, and 150 
hillslope–channel connectivity. Consequently, small differences in rainfall location, antecedent conditions, 151 
or connectivity can produce markedly different runoff responses.  152 

In the South Fork Roanoke River near Shawsville, VA, streamflow variability reflects the combined 153 
influence of complex topography, groundwater contributions, and spatially heterogenous runoff generation 154 
processes (Ward et al., 2011; Sanford et al., 2012). In addition, the catchment is moderately influenced by 155 
infrastructure, including culverts and bridges, and localized flow regulation structures such as small weirs 156 
(Jastram et al., 2015), which further modify flow pathways and channel dynamics. Poor TFT and LSTM 157 
performance in this catchment suggests that important hydrologic controls governing streamflow variability 158 
are either insufficiently observed or inadequately represented within the predictor variables used for model 159 
training.  160 

These catchments highlight a key challenge for hydrologic modelling: many of the dominant controls on 161 
runoff generation function at scales that are poorly observed and therefore remain outside the information 162 
content of typical training datasets. Rather than representing a weakness of ML alone, such failures expose 163 
limitations in understanding fine-scale hydrologic connectivity.  164 
 165 

2.2. Type B: Storage-Dominated Systems 166 
A second failure mode emerges in catchments characterized by strong groundwater contributions, delayed 167 
subsurface drainage, and long hydrologic memory. Examples include the Cossatot River near Vandervoort, 168 
Arkansas (USGS 07340300; 89.6 Km2), where streamflow reflects both rapid storm response and delayed 169 
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subsurface drainage (Green, 1994), and Cypress Creek, Mississippi (USGS 02479155), where streamflow 170 
depends strongly on internal storage states, subsurface connectivity, and antecedent conditions. In both 171 
catchments, hydrologic models achieve NSE values of approximately 0.53–0.65, compared with 0.16–0.34 172 
for ML models. 173 

The Cossatot River in the Ouachita Mountains is characterized by steep hillslopes, narrow valleys, and 174 
heterogeneous forested terrain. Streamflow in this system reflects a combination of rapid flow contributions 175 
from connected hillslopes and delayed releases from subsurface storage and spring systems (e.g., Ludwig, 176 
1992). Similarly, the Cypress Creek catchment in Mississippi (USGS 02479155) situated in the low-177 
gradient Gulf Coastal Plain, exhibits ponding conditions due to wetlands, shallow groundwater tables, 178 
floodplain storage, and slow drainage processes (Myers, 2022). These two systems represent contrasting 179 
extremes of hydrological complexity; one dominated by rapid flow connectivity in steep terrain, and the 180 
other one by distributed storage and delayed release in low-relief landscapes. Although these catchments 181 
differ substantially in physiography, they share an important characteristic: similar meteorological inputs 182 
can produce markedly different streamflow responses depending on antecedent groundwater conditions, 183 
subsurface storage states, and channel connectivity.  184 

Although modern ML models such as TFTs can learn long-term temporal dependencies, their latent 185 
representations may capture statistical memory without resolving the physical storage processes that 186 
generate streamflow. These failures therefore highlight a fundamental limitation of ML models: when key 187 
hydrologic states are poorly represented in observed data, predictive learning alone may be insufficient to 188 
discover the mechanisms governing catchment response. 189 
 190 

2.3. Type C: Intermittent and Threshold-Dominated Systems  191 
Semi-arid and intermittently flowing catchment systems, such as the Nueces River at Laguna, Texas (USGS 192 
08190000; 1,908.8 km²), are characterized by highly variable runoff generation, prolonged periods of low- 193 
or zero-flow, interrupted by infrequent high-magnitude flood events (Thomas et al., 2019). In such 194 
environments, streamflow generation is controlled by threshold processes, nonlinear runoff initiation 195 
mechanisms, and episodic connectivity between hillslopes and channels.  196 

Both LSTM and TFT models struggle to reproduce the timing and magnitude of flow variability (NSE = 197 
0.08), whereas hydrological models which explicitly incorporate thresholds for runoff generation perform 198 
comparatively better (NSE ≈ 0.44–0.58). ML model failure occurs because the observational record is 199 
dominated by prolonged low- or zero-flow periods, while the most important hydrologic behavior is 200 
concentrated within a small number of extreme episodes. As a result, the statistical information available 201 
for ML training is highly imbalanced. ML models can struggle to reproduce both the timing and magnitude 202 
of flow initiation and recession, particularly when flow events occupy only a small fraction of the training 203 
record.  204 
 205 
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 206 
Figure 1. Hydrologically informative ML failure modes across six hydroclimatically diverse basins. The 207 

six basins (red) were selected from catchments where ML models (LSTM and TFT) consistently 208 
underperformed relative to conceptual and process-based models (SAC-SMA, VIC and HBV) (orange). 209 

The selected basins (red) illustrate three recurring classes of failure identified in this study: flashy 210 
headwater systems (Western Run, Jacob Fork, South Fork Roanoke), storage-dominated systems 211 

(Cossatot River, Cypress Creek), and intermittent systems (Nueces River). Insets show selected high-flow 212 
periods, and NSE values summarize model performance. The figure demonstrates that ML performance 213 
degrades systematically in environments characterized by localized runoff generation, hidden storage 214 

dynamics, threshold behavior, and poorly observed controls on streamflow variability, providing insight 215 
into the broader failure modes discussed in Section 2. 216 
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3. Resolving the ML Paradox 217 
The three failure modes above demonstrate that ML model failures can expose unresolved process 218 
interactions, hidden hydrologic states, threshold behavior, and deficiencies in physical representation. 219 
Viewed through this perspective, model failure becomes a source of systematic insight rather than merely 220 
modeling deficiency. In many applications ML models outperform traditional hydrologic models (Kratzert 221 
et al., 2019; Nearing et al., 2021; Shen et al., 2023; Saberian et al., 2026). The ML paradox is not a 222 
competition between data-driven and process-based modelling, it reflects a broader challenge: determining 223 
when predictive models contribute to scientific understanding, pointing to the fact that predictive accuracy 224 
alone is not a measure of scientific value. A model may achieve excellent predictive performance while 225 
violating physical constraints, failing under changing environmental conditions, or providing little insight 226 
into the mechanisms responsible for its predictions (Karpatne et al., 2017; Reichstein et al., 2019; Beucler 227 
et al., 2021). Conversely, a physically interpretable model may advance understanding despite sacrificing 228 
predictive performance. Resolving the ML paradox therefore requires moving beyond viewing ML and 229 
process-based modelling as competing paradigms. This brings us to the tenet of this perspective: how can 230 
we ensure that ML techniques deliver outcomes which are not just numerically superior but also advance 231 
our scientific understanding? 232 
 233 
Hybrid modeling architectures move beyond treating ML as a stand-alone "black box" and instead position 234 
it as a complementary component within a unified, physically grounded modelling framework. In such 235 
systems, ML can serve multiple scientific roles:  acting as a computationally efficient surrogate for 236 
expensive process-based model components (McSpadden et al., 2024; Roy et al., 2025; Mangukiya and 237 
Sharma, 2025; ; Acuña Espinoza et al., 2025), learning residual structural errors that remain unexplained 238 
by existing theories, and identifying hidden process relationships or emergent system behaviors that are 239 
difficult to represent using conventional parameterizations (Reichstein et al., 2019; Slater et al., 2023). 240 
Conversely, process-based models provide the physical scaffold within which learning occurs, supplying 241 
the conservation laws, process constraints and mechanistic structure necessary to ensure that the ML 242 
optimization remains within the physically plausible bounds. Here we identify four complementary 243 
integration strategies to build hybrid modeling architectures (Figure 2) that take ML models towards what 244 
we term “scientifically useful” hydrologic models that progress our hydrologic process understanding: 245 

(i) Explainability, which seeks to reverse-engineer feature contributions to extract new physical 246 
insight from ML models whose internal representations lack direct physical interpretation;  247 

(ii) Physics-Informed ML, which embeds physical constraints, such as mass balance, directly 248 
within ML algorithms to ensure consistency;  249 

(iii) Transfer Learning, which transfers knowledge learned from data-rich source domains to 250 
poorly gauged or ungauged target regions, enabling hydrologic information to be leveraged 251 
across hydroclimatic and observational settings; and 252 

(iv) Residual Structural Learning, which uses ML to identify deficiencies in existing theories and 253 
process representations after leveraging process-based models to capture known physical laws.  254 

 255 
Collectively, these approaches establish a framework in which physical laws constrain the search space of 256 
data-driven learning, while ML identifies structural gaps and structural uncertainty in existing physical 257 
theories, hidden relationships, and sources of uncertainty within existing hydrologic theories, thereby 258 
driving future model refinement in both fields. 259 
 260 
 261 
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 262 
Figure 2. Conceptual framework for addressing the “Machine Learning Paradox in Hydrology” through 263 

hybrid modeling that integrates process-based reasoning with data-driven learning. Process-based models 264 
provide mechanistic representations of hydrologic processes and encode physical principles such as mass, 265 

energy, and momentum conservation. Their strengths lie in physical interpretation and process-based 266 
extrapolation, although simplified structures and parameterizations may limit predictive performance. ML 267 

models learn complex, nonlinear patterns from data and can achieve high predictive skill, but their 268 
internal representations may lack physical plausibility and mechanistic interpretability, particularly under 269 
distributional change. The proposed framework connects these paradigms through four complementary 270 
strategies: explainability, physics-informed ML, transfer learning, and residual structural learning. The 271 
framework is bidirectional: physical knowledge constrains data-driven learning, while ML-generated 272 
evidence supports process diagnosis, hypothesis development, and refinement of hydrologic theory. 273 

 274 
3.1. Explainability and Process-Diagnostic Value 275 

Although modern ML architecture frequently achieves remarkable predictive skill, their internal 276 
representations are rarely expressed in terms of physical processes. Consequently, an important scientific 277 
question is whether information contained within these learned representations can be used to improve 278 
hydrologic understanding rather than simply explain model behavior. Explainability seeks to address this 279 
challenge by quantifying how individual variables, internal states, and learned representations contribute to 280 
model predictions. Rather than treating neural networks as irreducible "black boxes", explainability 281 
methods attempt to identify which meteorological forcings, catchment attributes, or hidden features exert 282 
the greatest influence on predicted streamflow.  283 
Applications in hydrology have already demonstrated that explainable ML can recover physically 284 
meaningful relationships associated with snow accumulation and melt, catchment storage dynamics, and 285 
climatic controls on runoff generation (Kratzert et al., 2019; Nearing et al., 2021; Shen et al., 2023; De la 286 
Fuente et al., 2024). More importantly, these methods provide a mechanism for generating new hypotheses 287 
regarding hydrologic system behavior, linking predictive modelling with scientific discovery (Reichstein 288 
et al., 2019). One widely adopted approach is Integrated Gradients (IG), which quantifies the contribution 289 
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of each input variable to an individual prediction (Sundararajan et al., 2017), providing a mathematically 290 
rigorous decomposition of the prediction into contributions from individual variables. 291 
 292 
From a hydrologic perspective, this formulation enables interpretation. For example, physically realistic 293 
behavior would be expected if large, predicted flood peaks were strongly attributable to antecedent soil 294 
moisture, intense rainfall, snowmelt, or other hydrologically plausible controls. Conversely, attribution to 295 
variables lacking a clear physical connection may indicate that the model has learned spurious statistical 296 
relationships rather than true hydrologic processes. Explainability therefore bridges statistical learning and 297 
mechanistic interpretation allowing learned representations to be evaluated against established hydrologic 298 
theory (Reichstein et al., 2019; Molnar, 2022). 299 
 300 

3.2. Physics-informed ML and Physical Plausibility 301 
ML architecture is not automatically required to satisfy conservation laws. An ML model may therefore 302 
reproduce observed streamflow with high predictive skill while generating internally inconsistent estimates 303 
of storage, evapotranspiration, energy fluxes, or flow propagation. This distinction is central to the ML 304 
paradox: predictive accuracy does not necessarily imply that the learned representation is physically 305 
plausible. Physics-informed ML addresses this limitation by integrating physical knowledge into the 306 
learning process without eliminating the flexibility that makes ML effective (e.g., Raissi et al., 2019; 307 
Karniadakis et al., 2021). Several studies have demonstrated the potential of physics-informed ML 308 
approaches in hydrologic applications (e.g., Beucler et al., 2021; Shen et al., 2023; Sadeghi Tabas et al., 309 
2025). The broader scientific challenge, however, is to determine how to incorporate hydrological 310 
constraints so that models remain accurate, physically consistent, interpretable, and transferable across 311 
diverse hydrologic regimes. 312 
 313 
Physical constrains can be introduced into the ML framework through several complementary mechanisms. 314 
These include: (i) adding physical constraints to the objective (loss) function used in model calibration, (ii) 315 
representing physically meaningful states, fluxes, and parameters explicitly within the network architecture, 316 
(iii) coupling ML components with governing equations or process-based model structures, and (iv) 317 
enforcing conservation principles during training or prediction. Among these strategies, physics-informed 318 
loss functions provide one of the most direct and widely used means for guiding model optimization 319 
towards physically plausible solutions.  320 
 321 
Minimizing the loss function encourages the model to reproduce observations, often yielding highly 322 
accurate predictions, but it does not guarantee compliance with fundamental physical principles such as 323 
mass conservation, energy balance, or flow continuity. Different internal combinations of states and fluxes 324 
may yield similar prediction errors (equifinality as stated in Beven, 2006) even when some combinations 325 
violate mass conservation, energy balance, or flow continuity. Physics-informed ML addresses this 326 
limitation by augmenting the conventional total loss function with one or more terms that quantify 327 
violations of physical relationships (Karniadakis et al., 2021; Wang et al., 2024). During training, the ML 328 
model is optimized to simultaneously reduce prediction error and physical inconsistency, and the ML model 329 
is penalized not only for inaccurate predictions but also for generating physically implausible system 330 
behavior. This restricts the set of solutions explored during training by penalizing violations of fundamental 331 
hydrological principles. 332 
 333 
Physics-informed loss functions do not automatically guarantee physically correct models. Their 334 
effectiveness depends on the suitability of the selected constraints, the accuracy of the observations used to 335 
evaluate them, and the choice of penalty weights. Moreover, apparent violations may reflect measurement 336 
uncertainty, unresolved exchanges across system boundaries, or scale mismatches rather than deficient 337 
model behavior (Wang et al., 2023). Physical constraints should therefore be treated as testable scientific 338 
assumptions, not as unquestionably correct representations of the system. The scientific value of physics-339 
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informed ML consequently extends beyond producing more plausible predictions. By examining where 340 
data-fitting and physical constraints are compatible, and where they remain in tension, one can identify 341 
missing processes, inadequate boundary conditions, uncertain observations, and limitations in existing 342 
hydrologic theory (e.g., Gupta et al., 2012). Physics-informed learning thus addresses the physical 343 
plausibility dimension of scientifically useful ML while also providing a diagnostic framework for refining 344 
the physical knowledge embedded within hydrologic models. 345 
 346 

3.3. Transfer Learning and Generalization 347 
Although ML models can learn complex hydrologic relationships from large datasets, their performance is 348 
often strongly dependent on the quantity, quality, and representativeness of the available observations. This 349 
creates a fundamental difficulty for hydrologic applications because many catchments are poorly gauged, 350 
have short observational records, or lack measurements of important fluxes. Models trained locally under 351 
these conditions may overfit limited observations and fail to represent the broader hydrologic behavior of 352 
the target basin.  353 
 354 
Transfer learning seeks to address this limitation by reusing knowledge acquired from a data-rich source 355 
domain to improve learning in a data-sparse target domain. The source domain may be a well-gauged 356 
catchment, a collection of hydrologically similar basins, a large-sample regional dataset, or a process-based 357 
simulation archive. The target domain may be a poorly gauged or ungauged catchment for which only 358 
limited observations are available. Rather than estimating a target model entirely from sparse local data, 359 
transfer learning constrains its parameters or learned representations using information acquired during 360 
source-model training.  361 
 362 
Several transfer mechanisms in ML are possible. These include transferring complete model parameters, 363 
fine-tuning selected network layers, reusing learned latent representations, transferring model states, or pre-364 
training on data generated by process-based models. The suitability of each approach depends on the 365 
similarity between the source and target domains and on which hydrologic information is expected to be 366 
transferable. These approaches allow the ML model to leverage physical representations learned in data-367 
rich domains to constrain behavior in ungauged catchments, effectively acting as a "physical prior" for the 368 
target catchment and mitigate the risk of overfitting in data-poor environments. Constraining the target 369 
model parameters reduces the effective degrees of freedom available during local calibration and limiting 370 
overfitting in data-poor environments. The scientific value of transfer learning depends on whether the 371 
knowledge transferred between domains reflects hydrologically relevant similarities. In this way, transfer 372 
learning addresses the observational dependency gap while also contributing to process diagnosis. Its value 373 
lies not merely in borrowing information from data-rich catchments, but in determining what hydrologic 374 
knowledge is transferable, under which conditions, and with what uncertainty. 375 
 376 

3.4. Residual Structural Learning 377 
Neither process-based nor data-driven modelling approaches can fully represent all controls on hydrologic 378 
behavior. Process-based models encode established physical concepts but may omit poorly understood 379 
processes, simplified interactions, human influences, and non-stationary system responses. ML models can 380 
approximate these unresolved relationships, but their unconstrained use may obscure rather than clarify the 381 
source of model improvement. Residual structural learning combines the two approaches by assigning each 382 
a distinct role: the process-based model represents the hydrologic behavior explained by current theory, 383 
while the ML component learns the systematic component that remains unexplained.  384 
 385 
The total prediction can be decomposed into a physical component from a process-based model and a 386 
learned residual from an ML model. The objective function then optimizes the ML model to learn only the 387 
systematic errors of the physical model. Such a structure ensures that known physics provides the baseline, 388 
while the ML model is tasked exclusively with learning structural uncertainty (or “structural residuals”) 389 
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capturing processes not resolved explicitly in the process-based model. While more sophisticated 390 
architectures may update both parameter sets jointly the aim remains the same – to represent the processes 391 
not resolved in the physically based model. Systematic residuals may arise from simplified process 392 
representations, inadequate parameterizations, scale mismatch, missing storage mechanisms, imperfect 393 
routing, or interactions that are difficult to formulate explicitly (Smith et al., 2008; Gupta et al., 2012). They 394 
may also reflect anthropogenic influences, including reservoir operations, groundwater abstraction, 395 
irrigation return flows, drainage modification, and land-use change, that are often incompletely represented 396 
in conventional process-based models (Fowler and Wilby, 2010; Samadi and Meadows, 2017; Fowler et 397 
al., 2021; Zafarmomen et al., 2024). In this way the ML model training reveals a new process-based 398 
understanding that was previously undisclosed. 399 
 400 
Collectively, the four strategies discussed here address different but interconnected dimensions of the ML 401 
paradox. Explainability interrogates learned representations; physics-informed learning constrains 402 
predictions using established principles; transfer learning tests which knowledge can be generalized across 403 
systems; and residual structural learning reveals where current process representations remain incomplete. 404 
Their integration creates a bidirectional relationship in which hydrologic theory guides ML, while ML 405 
diagnoses, challenges, and potentially extends hydrologic theory. Process-based models provide the 406 
mechanistic and theoretical foundation, while ML models capture complex, nonlinear relationships and 407 
system behaviors from observations. By treating these as complementary and bidirectional approaches, ML 408 
models can be simultaneously predictive, physically consistent, mechanistically interpretable, and hence 409 
“scientifically useful”. 410 
 411 

4. Conclusions and Future Directions 412 
ML has transformed hydrologic modeling by demonstrating that highly accurate predictions can often be 413 
achieved without explicitly representing the physical processes that explain catchment behavior. This 414 
capability challenges long-standing assumptions regarding the relationship between prediction and 415 
understanding, giving rise to the “Machine Learning Paradox in Hydrology”: the same flexibility that 416 
enables ML to learn complex, nonlinear hydrologic behavior can also limit its ability to provide physically 417 
interpretable explanations of that behavior. The paradox is therefore not simply a technical issue arising 418 
from black-box algorithms but reflects a long-standing question of whether predictive success translates 419 
into meaningful advances in understanding, and whether prediction can be transformed into explanation 420 
and testable hypotheses. 421 
 422 
Here, we argue that resolving this paradox does not require choosing between ML and process-based 423 
modelling. Rather, it requires redefining their respective roles within the scientific process. Consistent with 424 
the philosophy articulated by Beven (2012), hydrologic models should not be viewed as static, definitive 425 
representations of reality, but as dynamically evolving and falsifiable hypotheses of catchment system 426 
behavior that are continually tested, refined, and challenged through new observations and theories. 427 
Resolving the tension between predictive skill and mechanistic interpretability therefore requires a 428 
transition toward a hybrid modeling paradigm structured around the four foundational integration strategies.  429 

The four integration strategies of explainability, physics-informed ML, transfer learning, and residual 430 
structural learning, represent complementary pathways towards the goal of ML being a tool for improved 431 
process understanding. These approaches must become increasingly capable of distinguishing errors arising 432 
from observations, forcing, parameterization, and model structure, rather than treating all prediction errors 433 
as equivalent. They must also use these diagnostic strategies to determine when existing process 434 
representations are inadequate and when learned relationships indicate previously unresolved hydrologic 435 
behavior. Most importantly, future research should focus not simply on improving predictive accuracy, but 436 
on determining why models succeed or fail, which physical assumptions challenge those outcomes, and 437 
whether the resulting evidence supports refinement of existing theory or development of new hypotheses. 438 
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Finally, the next frontier lies in hybrid modeling frameworks capable of scientific self-diagnosis. Rather 439 
than simply correcting prediction errors, future models should self-identify when those errors arise from 440 
missing physical processes, inadequate observations, or limitations in existing theory. Equally important, 441 
they should distinguish situations in which statistical learning has merely compensated for structural 442 
weaknesses from those in which it has revealed new and generalizable hydrologic behavior. Such 443 
capabilities would transform hybrid models from predictive tools into mechanistic reasoning systems that 444 
actively support hypothesis testing, model falsification, mechanistic interpretability, and theory 445 
development. 446 
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