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A B S T R A C T

Study region: Danube River Basin
Study focus: Streamflow prediction is essential for water resources management and flood-risk 
mitigation. To better exploit spatial dependencies among gauging stations, we use a Graph 
Convolutional Network–Long Short-Term Memory (GCN–LSTM) framework for regional 
streamflow forecasting. The model integrates static and dynamic predictors from ERA5-Land and 
is evaluated at both monthly and daily temporal resolutions, with benchmarks against MLP, RNN, 
GRU, LSTM, and biLSTM. We further assess robustness and transferability through station- 
thinning experiments and cross-station validation at ungauged sites.
New hydrological insights: GCN–LSTM consistently outperforms the conventional baselines and 
maintains strong predictive skill across station densities, indicating that high accuracy can be 
achieved without an extremely dense gauging network, although performance drops when fewer 
than ~30 training stations are available. Daily inputs substantially improve the representation of 
short-term fluctuations and extreme flows, highlighting the importance of high temporal reso
lution for capturing rapid hydrological processes. Cross-station tests show a clear accuracy loss at 
ungauged locations that increases with distance from the training stations, underscoring that 
spatial generalization remains a key limitation in hydrologically heterogeneous regions.

1. Introduction

Streamflow prediction is a central task in hydrological research and plays a pivotal role in water resource management and 
decision-making. Accurate forecasting improves monitoring, early warning, and response to hydrological hazards such as floods and 
droughts, thereby reducing disaster impacts and protecting lives and property (Yang and Liu, 2020). Reliable forecasts are also vital for 
the rational allocation and efficient management of water use across agricultural, industrial, and domestic sectors (Mumbi et al., 2021; 
Zhang et al., 2023). Nevertheless, even in regions with relatively well-developed observation systems, such as Europe, the spatial 
distribution of streamflow gauges remains uneven, with sparse station coverage in some areas and gaps or discontinuities in obser
vation records (Zhang et al., 2025). These limitations constrain the accurate characterization of the spatiotemporal variability of water 
resources, presenting significant challenges for integrated basin management and disaster risk reduction.

Early hydrological modeling efforts were largely dominated by physically based approaches, including conceptual, distributed, and 
hydrodynamic models, which simulate watershed responses by representing key processes such as rainfall–runoff generation and flow 
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routing (Kant et al., 2025; Sarker and Leta, 2025). These models offer strong physical interpretability and remain indispensable for 
process understanding, scenario analysis, and water resources planning when sufficient data and well-calibrated parameters are 
available. However, their predictive performance is often sensitive to the accuracy of physiographic and meteorological inputs (e.g., 
topography, land use, and climate forcing), and parameter calibration can be computationally demanding, particularly for large basins 
or long simulation periods (Herrera et al., 2022; Singh et al., 2025b). In addition, model performance may vary across spatial scales or 
data availability conditions, which poses practical challenges for large-scale or cross-regional applications without extensive cali
bration efforts (Razavi et al., 2025; Yan et al., 2025).

With the growing understanding of hydrological processes and advances in computational techniques, streamflow prediction has 
progressively shifted from physics-driven to data-driven approaches, marking a transition from traditional physical models to intel
ligent algorithms (Xu et al., 2024b; Yaseen, 2023). Building on this, machine learning methods such as Support Vector Regression 
(SVR), Random Forests (RF), and Artificial Neural Networks (ANN) have been employed for streamflow prediction (Alquraish and 
Khadr, 2021; Bargam et al., 2024). However, most conventional machine learning models still depend on manually engineered fea
tures and have difficulty capturing spatiotemporal couplings among inputs, which constrains their generalization and representational 
capacity (Gonzales-Inca et al., 2022; Ho and Goethals, 2022; Jia et al., 2023).Recent advances in deep learning provide a practical 
pathway to model complex hydrological dynamics from multi-source inputs with reduced reliance on handcrafted features (Dai et al., 
2025; Yu et al., 2024a). Among these approaches, Long Short-Term Memory (LSTM) networks have been widely adopted for 
streamflow forecasting due to their ability to capture long-term dependencies, seasonality, and lagged responses in hydrological time 
series (Sabzipour et al., 2023; Zhao et al., 2024). Meanwhile, Graph Convolutional Networks (GCN) offer a natural framework for 
representing inter-station relationships on non-Euclidean structures by propagating information along a graph constructed from 
spatial proximity or physiographic similarity (Bhatti et al., 2023; Deng et al., 2023; Li et al., 2023). Combining GCN with LSTM 
therefore provides an integrated means to capture both spatial dependencies across stations and temporal dynamics within each 
station, which is particularly relevant for large river basins where hydrological responses exhibit strong regional coherence and 
cross-site coupling.

In this study, we employ a GCN-LSTM framework for streamflow forecasting with the aim of enhancing spatiotemporal modeling 
capacity and regional generalization. The Danube River Basin is selected as a representative case, with streamflow data from 97 
gauging stations provided by the GRDC. Experiments are conducted at both monthly and daily resolutions to assess the effect of input 
resolution on predictive performance. Building on this, we progressively reduce the number of stations to evaluate model robustness 
and adaptability in sparse observation conditions. Additionally, leave-station-out experiments are designed to test the model’s 
transferability and spatial generalization to ungauged sites. This study investigates the following research questions: (1) How does 
temporal resolution affect streamflow prediction accuracy? (2) To what extent does station density influence model stability and 
robustness? (3) Can the GCN-LSTM model maintain predictive performance and generalization when applied to ungauged locations? 
By answering these questions, the study provides new insights into the relationships among temporal resolution, spatial density, and 
generalization. It also offers practical implications for streamflow simulation and water resource management.

2. Study areas

In this study, we selected the Danube River Basin as the case study region, with streamflow observations from 97 gauging stations 

Fig. 1. Study Area and Spatial Distribution of Hydrological Stations.
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within the basin used for experiments and comparative analysis (Fig. 1). The Danube is the largest river basin in Europe, spanning 
multiple countries from the Alpine headwaters in Central Europe to downstream lowland and deltaic environments (Halder et al., 
2022). This pronounced longitudinal gradient is accompanied by substantial heterogeneity in both physiography and hydroclimate. 
The upper basin is dominated by mountainous terrain and Alpine-influenced conditions, where runoff exhibits strong seasonality and 
is strongly modulated by temperature-dependent processes (Koch et al., 2011). In contrast, the middle and lower reaches encompass 
broader valleys and plains under temperate to continental climates, where precipitation intermittency, atmospheric demand, and 
storage–release dynamics jointly govern streamflow variability (Lóczy, 2015; Schiller et al., 2010). This diversity gives rise to complex 
hydrological processes and pronounced spatial contrasts in streamflow, making the basin a representative area for basin-scale pre
diction studies (Nichersu et al., 2022). The relatively dense gauging network used here provides broad coverage across major 
sub-regions, enabling a comprehensive characterization of regional hydrological features and a systematic evaluation of model 
adaptability and robustness across contrasting hydroclimatic regimes. Accordingly, the Danube River Basin offers an appropriate 
setting for assessing the predictive performance and generalization capability of the proposed GCN-LSTM framework.

3. Data

A multi-source input dataset integrating static and dynamic features was constructed to support the development and training of 
the model’s graph structure. The details of the static and dynamic features are presented in Table 1 and Table 2. Streamflow obser
vations were obtained from the GRDC, an international repository that provides long-term streamflow records from gauging stations 
worldwide, while meteorological and land-surface variables were derived from the ERA5-Land reanalysis dataset produced by the 
European Centre for Medium-Range Weather Forecasts (ECMWF) (Mischel et al., 2025; Molteni et al., 1996). ERA5-Land provides a 
temporally consistent depiction of terrestrial water and energy cycles since 1950. The original ERA5-Land fields are produced at 
approximately 9 km resolution on a reduced Gaussian grid, and the products distributed through the Climate Data Store are regridded 
to a regular 0.1◦ × 0.1◦ latitude–longitude grid (Clelland et al., 2024; Muñoz-Sabater et al., 2021; Xu et al., 2024a). Because 
ERA5-Land variables are provided as gridded raster fields whereas gauging stations are point locations, we performed point-to-grid 
spatial matching for each station. Specifically, for each variable, the value was extracted from the 0.1◦ × 0.1◦ cell whose grid-cell 
center is closest to the station coordinates, using a nearest-neighbour lookup. This mapping procedure was applied consistently to 
all static and dynamic ERA5-Land variables.

The selected static variables listed in Table 1 were used to describe streamflow generation and storage–release processes across the 
basin. Specifically, altitude serves as a proxy for temperature-dependent gradients and the propensity for snow accumulation and melt 
processes (Maier et al., 2022), while soil and vegetation characteristics reflect infiltration capacity, evapotranspiration potential, and 
subsurface buffering properties (Qiu et al., 2024). Lake coverage represents surface water storage and regulation effects (Cooley et al., 
2021). Together, these static descriptors provide physically meaningful information to characterize spatial heterogeneity and 
catchment similarity among stations, complementing the temporal variability captured by the dynamic forcing variables. The selected 
dynamic variables listed in Table 2 were used to represent the dominant terms of the basin-scale water and energy balances that govern 
streamflow variability in the Danube River Basin. Specifically, total precipitation and convective precipitation characterize atmo
spheric water supply and event-scale inputs (Zhu et al., 2024). Total runoff, surface runoff, and subsurface runoff provide physically 
consistent land-surface estimates of flow partitioning and delayed contributions, thereby serving as proxies for catchment stor
age–release behavior (Lucas et al., 2025). Total evapotranspiration and potential evapotranspiration quantify realized water losses and 
atmospheric demand, respectively, and thus regulate seasonal and interannual runoff efficiency (Gu et al., 2021). Surface latent heat 
flux, together with net shortwave and net longwave radiation, captures key surface energy constraints that modulate evapotranspi
ration and indirectly influence snow–rain partitioning through the surface energy balance (Mekonnen et al., 2024). Collectively, these 
variables provide a coherent hydroclimatic representation of the primary drivers of streamflow. Finally, because several energy- and 
evaporation-related predictors are physically coupled, we explicitly quantified redundancy and multicollinearity using a predictor 
correlation matrix. The diagnostic results discussed in Sections 6.3 and 6.4.

For this study, 97 gauging stations within the Danube River Basin were selected from the GRDC dataset. All stations provide 

Table 1 
Static input variables grouped by hydrological meaning and their data sources.

Data Data format Data source

Location & topography ​ ​
Longitude Point GRDC
Latitude Point GRDC
Altitude Grid ERA5-Land
Soil properties ​ ​
Soil type Grid ERA5-Land
Vegetation characteristics ​ ​
High vegetation coverage Grid ERA5-Land
Low vegetation coverage Grid ERA5-Land
High vegetation type Grid ERA5-Land
Low vegetation type Grid ERA5-Land
Surface water ​ ​
Lake coverage Grid ERA5-Land
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complete monthly streamflow records from January 1960 to December 2020, enabling analysis of long-term hydrological variability 
across the basin. For the monthly-scale experiments, the corresponding meteorological and land-surface predictors were obtained from 
the ERA5-Land monthly product, in which variables are provided as monthly means. Note that the monthly- and daily-scale experi
ments cover different periods due to the availability and completeness of GRDC streamflow records after quality control. Therefore, 
cross-scale comparisons are interpreted as complementary evaluations rather than a strict scale-only comparison over identical time 

Table 2 
Dynamic input variables grouped by hydrological meaning and their data sources.

Data Data format Data source

Precipitation forcing ​ ​
Total precipitation Grid ERA5-Land
Convective precipitation Grid ERA5-Land
Runoff components ​ ​
Total runoff Grid ERA5-Land
Surface runoff Grid ERA5-Land
Subsurface runoff Grid ERA5-Land
Evapotranspiration ​ ​
Total evapotranspiration Grid ERA5-Land
Potential evapotranspiration Grid ERA5-Land
Radiation & surface energy fluxes ​ ​
Surface latent heat flux Grid ERA5-Land
Surface net shortwave radiation Grid ERA5-Land
Surface net longwave radiation Grid ERA5-Land

Fig. 2. GCN-LSTM Model.
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windows.

4. Methods

4.1. GCN-LSTM

This study applies a deep learning framework that integrates GCN with LSTM networks for streamflow prediction in the Danube 
River Basin. The model considers both the spatial dependencies among stations and the temporal evolution of streamflow. It further 
incorporates a multi-head attention mechanism to improve the representation of complex hydrological processes and spatiotemporal 
modeling performance (Fig. 2). The overall architecture consists of three modules: a graph convolution module, a temporal modeling 
module, and a fusion prediction module.

4.1.1. GCN module
In river systems, spatial dependencies often exist among hydrological stations due to geographical proximity and dynamic hy

drological similarity (Guo et al., 2021; Wang et al., 2021). To effectively represent these spatial characteristics, the stations were first 
modelled as a graph structure, in which each station corresponds to a node and the inter-station relationships are encoded by an 
adjacency matrix. Since geographic distance and station static attributes remain constant over time, the resulting graph is 
time-invariant and is denoted as A. The adjacency matrix was derived based on the geographical distance and the static attributes of 
the stations.

At each time step t, the input graph is defined as: 

Gt = (Xt , A) (1) 

where, Xt ∈ RN×F represents the input feature matrix of all stations at time t; A ∈ RN×F represents the adjacency matrix that charac
terizes the graph connectivity among stations; and N represents the number of stations.

The adjacency matrix is constructed by jointly considering geographic proximity and physiographic similarity derived from station 
static attributes. Specifically, for stations i and j, a distance-based affinity and an attribute-based affinity are defined as: 

Sdist
ij = exp

(

−
dij

σd

)

(2) 

Sattr
ij = exp

(

−

⃦
⃦zi − zj

⃦
⃦

2
σz

)

(3) 

where dij denotes the great-circle distance between stations i and j, and zi represents the standardized static-attribute vector of station i. 
The final adjacency matrix is defined as: 

Aij =

{
Sdist

ij • Sattr
ij ,&i ∕= j

0 ,&i = j
(4) 

Unlike traditional Convolutional Neural Networks (CNN), GCN is specifically designed to process graph-structured data and can 
effectively capture the complex spatial connections among nodes (Bhattacharya et al., 2026; Bhatti et al., 2023). In GCN, the feature 
update of a node depends on information from its neighbouring nodes, typically involving two key steps: information aggregation and 
feature transformation. The former collects and integrates information from neighbouring nodes, while the latter encodes the 
aggregated results through a learnable linear transformation, thereby enhancing the model’s nonlinear representation capacity (Feng 
et al., 2023; Zhang et al., 2022). The GCN model is typically composed of multiple layers, each of which updates the node features. By 
stacking multiple layers, the model not only captures the local dependencies between a node and its immediate neighbours but also, 
through multi-hop propagation, indirectly models higher-order spatial correlations among distant nodes, thereby enhancing its ability 
to represent complex hydrological structures within the basin (Singh et al., 2025a; Zhu et al., 2021). The core of the graph convolution 
operation lies in the joint computation of the adjacency matrix and the node feature matrix. In this study, we employ three stacked GCN 
layers, which allow each node to aggregate information from up to 3-hop neighbourhoods. This setting helps capture higher-order 
spatial correlations within the basin while mitigating the risk of overly deep propagation that may occur in deeper GCN. The math
ematical formulation of this operation is expressed as: 

Ã = A+ I (5) 

D̃ii =
∑

j
D̃ii (6) 

H(l+1)
t = σ

(
D̃

− 1/2
ÃD̃

− 1/2
H(l)

t Wl
)

(7) 

where, I represents the identity matrix; Ã represents the adjacency matrix with self-connections; D̃ represents the corresponding degree 
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matrix of Ã; Wl represents the trainable weight matrix; σ represents the activation function; and Ht represents the node embeddings 
obtained after graph convolution.

The graph convolution operation allows the output of each node to be influenced not only by its own features but also by those of its 
neighbouring nodes, thereby achieving feature diffusion and aggregation within the spatial domain and capturing potential hydro
logical dependencies among stations (Ashraf et al., 2023; Sun et al., 2021). In addition, the output Ht of each node at time t can be 
regarded as the hydrological state representation of the corresponding station, reflecting its response to the input hydrological vari
ables. This state representation is subsequently propagated through the temporal modeling module, serving as the key feature input for 
the streamflow forecasting task.

4.1.2. LSTM module
After obtaining the spatial embedding representations of each station, the model introduces an LSTM network to model the 

streamflow time series. LSTM is an improved type of recurrent neural network capable of effectively retaining long-term dependencies 
in time series, making it well suited for handling the seasonality and lag characteristics typical of river streamflow (Mehedi et al., 2022; 
Yu et al., 2024b). For each station, let the graph convolution outputs form a temporal sequence {Ht− T+1,Ht− T+2,…,Ht}, which is then 
fed into the LSTM network. The core of the network is composed of the following gating mechanisms:

Forget gate: 

ft = σ
(
Wf [ht− 1, xt ] + bf

)
(8) 

Input gate: 

it = σ(Wi[ht− 1, xt ] + bi ) (9) 

C̃T = tanh(Wc[ht− 1, xt ] + bc ) (10) 

Cell state update: 

Ct = ft⨀Ct− 1 + it⨀C̃t (11) 

ot = σ(Wo[ht− 1, xt ] + bo ) (12) 

Output gate: 

ht = ot⨀tanh(Ct) (13) 

where, xt represents the spatial embedding at the current time step; ht represents the current hidden state; Ct represents the cell state; σ 
represents the activation function; Wf，Wi，Wo，Wc represent the trainable parameters; and ⨀ represent the Hadamard product.

To further capture cross-station dependencies beyond fixed graph message passing, we introduce a multi-head self-attention 
module after the final layer. Unlike temporal attention that reweights different time steps, our attention operates across stations, 
treating each station as a token.

Given an input historical window, the stacked encoder produces station-wise spatiotemporal representations. We take the final 
station embeddings from the encoder output and denote them as: 

H ∈ RN×d (14) 

where N is the number of stations and d is the embedding dimension. We then apply global self-attention across the station dimension 
once per sample: 

Attention(Q,K,V) = softmax
(

QKT
̅̅̅̅̅
dk

√

)

V (15) 

where Q = HWQ , K = HWK , and V = HWV are linear projections of the station embeddings, and dkis the per-head feature dimension. 
The resulting attended station representations are finally mapped to streamflow predictions through an MLP.

4.1.3. Fusion prediction module
The model fusion module integrates the spatial and temporal features described above to generate the target streamflow pre

dictions. For each station, the final predicted value is obtained as follows: 

ŷ(i)
t+1 = MLP

(
Attn

({
h(i)

t− T+1,…, h(i)
t

}))
(16) 

where, h(i)
t represents the hidden state of station i at time step t; Attn( ⋅ ) represents the multi-head attention fusion; and MLP refers to 

the multi-layer perceptron output layer.
The loss function adopted in this study is the commonly used Mean Square Error (MSE): 
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MSE =
1
N
∑N

i=1

(
y(i)

t+1 − ŷ(i)
t+1

)2
(17) 

where, y(i)t+1 represents the observed streamflow, and ŷ(i)
t+1 represents the predicted streamflow.

The model captures spatial dependencies through GCN, temporal evolution through LSTM, and enhances key feature represen
tation with a multi-head attention mechanism, forming an efficient streamflow forecasting framework that jointly learns spatiotem
poral dependencies. This framework is well suited for river simulation tasks under complex topological structures and multi-source 
data scenarios (Wang and Zhu, 2024).

4.2. Data preprocessing

We downloaded all GRDC gauging stations located within the Danube River Basin for both monthly and daily streamflow products 
and applied a unified preprocessing workflow to ensure record completeness and temporal consistency. Station screening was con
ducted separately for the monthly- and daily-scale experiments. For the monthly-scale setting, we retained only stations covering 
January 1960 to December 2020, allowing at most three years of missing months over the full period. For the daily-scale setting, we 
retained only stations covering 2000–2014, allowing at most six months of missing days in total after quality control. To ensure 
comparability of station-based analyses across temporal resolutions, the final station set was obtained by taking the intersection of 
stations that satisfied both criteria.

For stations with small data gaps that remained within the above completeness thresholds, missing streamflow values were filled 
using time-wise linear interpolation. To avoid introducing artificial variability, interpolation was applied only to short gaps, whereas 
longer discontinuities were not reconstructed and were effectively controlled by the completeness screening. After gap handling, 
streamflow and ERA5-Land data were temporally aligned on the same calendar. Monthly experiments used monthly streamflow 
together with monthly-mean ERA5-Land data, while daily experiments used daily streamflow together with daily ERA5-Land data. 
This preprocessing ensures that subsequent model training and evaluation are conducted on consistent, quality-controlled time series.

4.3. Model setting

To systematically evaluate the performance of the GCN-LSTM model in streamflow prediction, a series of comparative experiments 
were designed, covering several representative time-series modeling approaches. The baseline models include Multilayer Perceptron 
(MLP), Recurrent Neural Network (RNN), Gated Recurrent Unit (GRU), Long Short-Term Memory (LSTM), Bidirectional LSTM 
(biLSTM), and the proposed GCN-LSTM model. All models were trained with the same hyperparameter settings to ensure a fair 
comparison (Table 3). Specifically, supervised samples were constructed using a sliding-window strategy with an input sequence 
length of three time steps and a one-step-ahead prediction horizon. The experimental data were split into training and testing subsets in 
an 8:2 ratio. During preprocessing, missing values were filled with 0. For each station and each variable channel, Min–Max 
normalization was applied using pre-computed min/max statistics from the training subset to avoid information leakage; channels 
with extremely small ranges were set to zero for numerical stability. Model outputs were de-normalized before evaluation. All models 
were optimized using Adam. To mitigate overfitting, Dropout and L2 weight decay were applied, and early stopping was adopted by 
monitoring the validation MSE, with the best-performing checkpoint used for final testing.

4.4. Performance assessment

To quantitatively evaluate the predictive accuracy of the model in streamflow simulation, three commonly used error metrics were 
employed: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and the Coefficient of Determination (R²). These metrics 
measure the degree of discrepancy between the model outputs and the observed values. MAE, RMSE, and R² were first computed 
independently for each gauging station using the corresponding observed and simulated time series, and the final values were then 
summarized by averaging across all stations. Their formulations are given as follows: 

Table 3 
Experimental configuration and shared hyperparameter settings.

Parameters Setting

Data split Train: Test = 8:2
Input sequence length 3
Prediction horizon 1
Optimizer Adam
Learning rate 1 × 10⁻²
Batch size 32
Epochs 60
Regularization Dropout p = 0.2; L2 weight decay = 1 × 10⁻⁴
Early stopping Monitor validation MSE; patience = 15
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MAE =
1
n
∑n

i=1

⃒
⃒
⃒ypred

i − yi

⃒
⃒
⃒ (18) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1

(
ypred

i − yi

)2
√

(19) 

R2 = 1 −

∑n

i=1

(
yi − ypred

i

)2

∑n

i=1
(yi − y)2

(20) 

where, n represents the total length of the time series; yi represents the observed streamflow at time step i; ypred
i represents the cor

responding model-predicted streamflow; and y represents the mean of all observed streamflow values. MAE and RMSE measure the 
average and squared deviations between simulated and observed streamflow, where smaller values indicate higher accuracy 
(Bringeland and Fotopoulos, 2024; Hodson, 2022; Wu et al., 2024). R2 quantifies the proportion of variance explained by the model, 
with values closer to 1 representing better agreement between simulation and observation (Duc and Sawada, 2023; Melsen et al., 2025; 
Williams, 2025).

To further evaluate the overall capability of the model in capturing streamflow dynamics, the Kling–Gupta Efficiency (KGE) was 
introduced as a composite performance metric (Gupta et al., 2009). The KGE is calculated as follows: 

KGE = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(r − 1)2
+ (β − 1)2

+ (γ − 1)2
√

(21) 

where, r represents the Pearson correlation coefficient between the predicted and observed values; β represents the ratio of the mean of 
the predictions to the mean of the observations; and γ is the ratio of the coefficient of variation of the predictions to that of the ob
servations. Here r measures the linear relationship between observed and simulated data, β measures the ratio of the mean of the 
simulated values to the mean of the observed values, and γ measures the ratio of the standard deviations of the simulated and observed 
data. As recommended by Knoben et al. (2019), a KGE score of − 0.4 is used as a benchmark, which is the score of the observational 
mean; i.e., KGE > -0.4 represents acceptable performance.

4.5. Station sparsity experiment: K-means-stratified subsampling

We conducted a station-thinning experiment to assess model robustness under different gauging-network densities while main
taining basin-wide spatial representativeness. Let the full station set be S = {1,…,N} with N = 97 , and each station i has coordinates 
pi = (λi,ϕi) . We first partitioned the stations into K = 10 spatial strata using K-means clustering on pi , by minimizing the within- 
cluster sum of squares: 

min
{μk}

K
k=1

∑N

i=1
‖pi − μc(i)‖

2
2 (22) 

where c(i) ∈ {1,…,K} denotes the cluster label of station i, and μk is the centroid of cluster k. Denote the station subset in cluster k as 
S k = {i ∈ S : c(i) = k } with size nk = ∣ S k ∣.

For a target number of retained stations M ∈ {97,87,77,67,57,47,37,27,17} , we performed stratified subsampling by allocating 
a cluster-wise quota proportional to cluster size: 

mk = max
(

1, round
(

M •
nk

N

))
,

∑K

k=1
mk ≈ M (23) 

To ensure 
∑K

k=1mk = M exactly, we adjusted the quotas by adding/removing stations from clusters with the largest rounding re
siduals until the target M was met. We then randomly selected mk stations within each cluster to form the retained set: 

S
(M)

=
⋃K

k=1
S

(M)

k S
(M)

k ⊆ S k,

⃒
⃒
⃒S

(M)

k

⃒
⃒
⃒ = mk (24) 

This K-means-stratified design avoids overly clustered selections and keeps the retained stations approximately evenly distributed 
across the basin, so that performance changes primarily reflect reduced station density rather than biased spatial coverage.

5. Results

5.1. Model comparative analysis

To systematically evaluate the performance of different models in streamflow prediction, comparative experiments were conducted 
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under consistent input–output formats, training epochs, optimizer settings, and data partitioning schemes (Table 4). Overall, the GCN- 
LSTM model demonstrated superior performance across all three evaluation metrics. Its R² value of 0.9525 indicates a strong corre
lation between predicted and observed streamflow values, suggesting the model effectively captures streamflow dynamics. In terms of 
error metrics, GCN-LSTM achieved the lowest MAE (114.4235 m³/s) and RMSE (211.3520 m³/s) among all tested models.

To make the performance gain more transparent, we further summarize the relative improvements of GCN-LSTM over all baselines 
in Table S1. Overall, GCN-LSTM achieves consistently better accuracy across metrics, yielding the highest R² (0.9525) and reducing 
MAE and RMSE by 5.9–14.6 % and 3.9–9 %, respectively, compared with the five baseline models. The largest gains are observed 
against the single-site temporal RNN baseline, where MAE and RMSE decrease by 14.6 % and 9 %, indicating that incorporating spatial 
dependency learning provides substantial benefit. Improvements are also evident relative to other recurrent baselines, suggesting that 
the advantage is systematic rather than model-specific. These results support that jointly modeling spatial interactions and temporal 
dynamics enhances both overall fit and robustness to large errors in streamflow prediction.

To further evaluate the spatial applicability of different models, Fig. 3 shows the distribution of KGE values for different hydro
logical models at stations in the Danube River Basin. Overall, higher KGE values tend to cluster in the central to middle–lower part of 
the basin, whereas comparatively lower KGE values appear more frequently toward the far eastern end and several peripheral trib
utaries. Hydrologically, the middle and middle–lower reaches are typically associated with larger drainage areas and longer routing 
pathways, so streamflow reflects an integrated response to basin-scale precipitation and evapotranspiration rather than highly 
localized signals. The combined effects of catchment storage and river network routing tend to damp short-term fluctuations and 
reduce event-scale noise. In contrast, upstream/headwater areas influenced by Alpine conditions are more strongly affected by snow 
accumulation and melt, rain–snow transitions, and rapid runoff generation on steep terrain, which introduce nonlinearities and timing 
shifts that can weaken model–observation agreement at individual stations. Moreover, stations in peripheral or downstream sub- 
regions may be additionally affected by reservoir regulation and water withdrawals, which can modify the natural storage–release 
behavior and locally decouple discharge from meteorological inputs, leading to scattered pockets of reduced KGE.

Among all models, GCN-LSTM (Fig. 3f) exhibits the most spatially consistent performance and achieves higher KGE values at the 
majority of stations, particularly within the central and middle–lower parts of the basin. Its advantage is reflected in the fact that 
adjacent stations tend to show similarly high KGE, and the occurrence of isolated low-KGE stations is reduced. This behavior is hy
drologically reasonable because streamflow at nearby or hydrologically similar catchments is often driven by comparable large-scale 
forcing and shares correlated runoff-generation and routing characteristics. By incorporating information from related stations, GCN- 
LSTM can better represent basin-scale spatial coherence and thus improves robustness across the station network. GRU (Fig. 3c) and 
MLP (Fig. 3a) also yield relatively high KGE values at many stations, but their spatial patterns are more scattered, indicating stronger 
sensitivity to site-specific conditions when spatial relationships are not explicitly considered. RNN (Fig. 3b) and LSTM (Fig. 3d) show 
larger spatial variability and weaker clustering of high KGE, suggesting that sequence-based models alone may not sufficiently utilize 
the spatial dependence among stations. Finally, BiLSTM (Fig. 3e) yields lower KGE values at most sites, implying that bidirectional 
temporal modeling does not provide additional benefits under the current input configuration and evaluation setting.

5.2. Influence of temporal resolution on model prediction performance

To assess the influence of input data resolution on model prediction accuracy, Fig. 4 presents streamflow simulations and residuals 
of the GCN-LSTM model, trained with both daily and monthly input data at stations 6246195 and 6243030 in the Danube River Basin. 
In the figure, the blue solid line represents observed streamflow, the orange dashed line shows model predictions based on daily data, 
and the green circles indicate predictions derived from monthly input data. The black curve denotes the bias from daily input data, 
offering an intuitive measure of model fitting accuracy and error fluctuations at different temporal resolutions.

The predictive performance of the GCN-LSTM model exhibits clear differences under varying temporal resolutions. Results from the 
daily-scale experiment show that the model is significantly more effective at reproducing streamflow dynamics, particularly in 
capturing the timing and magnitude of flood peaks. The daily input model simulates flood peaks with high accuracy, aligning closely 
with observed values, which is crucial for hydrological predictions during extreme events. Furthermore, the model maintains stable 
streamflow during low-flow periods, ensuring reliable predictions across different hydrological conditions. The residuals remain close 
to zero with minor fluctuations, suggesting that high temporal resolution data—such as daily input—enhances the model’s ability to 
capture short-term dynamics and extreme events like flood peaks. This ability to better represent peak streamflow variations is 
particularly important in hydrological modeling, where accurately simulating the timing and magnitude of such peaks is critical for 
flood risk management.

Table 4 
The predictive performance comparison of six models.

Models R² MAE (m³ /s) RMSE (m³ /s)

MLP 0.9471 [0.9431, 0.9515] 125.5113 [69.0150, 190.4830] 219.9383 [122.6216, 332.2067]
RNN 0.9432 [0.9387, 0.9479] 134.0161 [73.4986, 203.2690] 232.4857 [129.7386, 349.3587]
GRU 0.9457 [0.9414, 0.9502] 126.6232 [69.8727, 191.8549] 222.7487 [124.6342, 334.9478]
LSTM 0.9452 [0.9409, 0.9497] 130.6214 [72.9943, 198.6368] 223.4053 [124.5074, 336.8908]
BiLSTM 0.9486 [0.9449, 0.9526] 121.6495 [67.2265, 184.7421] 220.5330 [123.7151, 331.4096]
GCN-LSTM 0.9525 [0.9488, 0.9567] 114.4235 [64.0661, 178.0254] 211.3520 [117.5485, 319.1913]
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In contrast, the model trained with monthly input data reproduces interannual and seasonal variation trends well but struggles to 
capture flood peak magnitudes and timings accurately. During flood events, the model tends to underestimate or lag behind the actual 
peak values, with residual deviations increasing substantially. This delay in peak detection is particularly problematic in scenarios 
where rapid hydrological responses are necessary for accurate forecasting. As a result, the monthly-scale model is less capable of 
representing rapid hydrological processes, leading to larger errors and reduced reliability in predictions during extreme events like 
floods.

To further analyze how temporal resolution affects spatial model performance, Fig. 5 compares the station-wise KGE distribution 
across the Danube River Basin under two input resolutions. While Table 5 provides a station-wise KGE summary for daily and monthly 

Fig. 3. Spatial distribution of KGE values for different hydrological models (MLP, RNN, GRU, LSTM, BiLSTM, and GCN-LSTM) at stations in the 
Danube River Basin. The color scale represents the KGE values, with darker shades indicating better performance.
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experiments. Under monthly inputs (Fig. 5a), the model achieves a mean KGE of 0.4426 with a large spread across stations (std =
0.1898). The spatial pattern indicates that the monthly-input setting leads to a highly heterogeneous performance: only a limited 
number of stations achieve high KGE values, and these are scattered without forming a spatially coherent cluster. In many parts of the 
basin, KGE values remain low, suggesting that monthly aggregation smooths or removes key hydrological signals required for accurate 
streamflow prediction. This limitation is particularly relevant for basins such as the Danube, where streamflow variability is shaped not 
only by slowly varying seasonal water balance but also by sub-monthly processes, including event-driven rainfall–runoff responses, 
rapid snowmelt pulses in headwater regions, and short-term storage–release dynamics. When inputs are aggregated to monthly means, 
the timing and magnitude of high-flow events are largely damped, and the model receives weakened information on intra-month 
variability, which can translate into pronounced spatial inconsistencies and localized areas with low KGE values.

Fig. 4. Flow simulation and bias at station 6246195 in the Danube River Basin using the GCN-LSTM model with daily and monthly input data. Blue 
and orange lines represent observed and daily predicted streamflow, respectively, while green circles indicate monthly predicted streamflow, and 
the black line represents the bias based on daily input data.

Fig. 5. Spatial distribution of KGE values from GCN-LSTM models trained on different time scales in the Danube River Basin. (a) Monthly input; (b) 
Daily input. Point size denotes the magnitude of KGE, and color depth (light to dark blue) indicates increasing values.
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In contrast, daily inputs lead to a substantial and spatially consistent improvement, with the mean KGE increasing to 0.9649 and the 
inter-station variability collapsing to a very small range (std = 0.0136). High KGE values are widespread and more uniformly 
distributed across stations throughout the basin, indicating that the model captures streamflow dynamics consistently across different 
sub-regions. Importantly, Table 5 confirms that the daily-vs-monthly difference is not only large but also statistically robust: the paired 
mean gain is ΔKGE = 0.5223 with a bootstrap 95 % CI of [0.4860, 0.5579], and a one-sided Wilcoxon signed-rank test shows a highly 
significant improvement (p = 6.090e− 18). This result suggests that daily inputs provide richer hydrological information, allowing the 
model to represent both rapid event-scale responses and slower seasonal variations simultaneously. The daily forcing better preserves 
precipitation intermittency, evapotranspiration demand fluctuations, and runoff generation dynamics, which are essential for 
reproducing hydrograph variability and improving water-balance consistency at individual stations. Overall, increasing temporal 
resolution markedly enhances spatial applicability in the Danube River Basin by preserving critical hydrological variability, thereby 
reducing isolated low-KGE stations and yielding more stable basin-wide performance.

To evaluate model performance under extreme-flow conditions in the Danube River Basin, Fig. 6 provides a consolidated assess
ment based on the POT framework, combining return-level bias, peak timing error, and peak magnitude error. The Danube Basin 
covers a wide range of hydro-climatic settings, from Alpine headwaters where snow processes and orographic precipitation are 
important, to lowland reaches where floodplain storage and human regulation can influence flood wave propagation. This hetero
geneity offers a rigorous test of whether the model can reproduce both the magnitude and timing of flood peaks under contrasting 
hydrological controls.

Fig. 6a summarizes the cross-station distribution of relative biases in POT-based return levels (RL2, RL5, and RL10). Negative 

Table 5 
Station-wise KGE summary for daily and monthly experiments, including paired differences and statistical significance.

Experiment Mean KGE Std KGE 95 % CI Wilcoxon W p-value

Daily 0.9649 0.0136 [0.9621, 0.9675] — —
Monthly 0.4426 0.1898 [0.4056, 0.4808] — —
Daily − Monthly 0.5223 — [0.4860, 0.5579] 4753.000 6.090e− 18

Fig. 6. Peak-oriented evaluation of flood magnitude and timing under the POT framework: (a) cross-station biases of POT-based return levels, (b) 
ECDF of absolute peak timing error, (c) distribution of relative peak magnitude error, and (d) observed versus predicted peak streamflow.
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median biases are found for all return periods, indicating that peak underestimation is a basin-wide feature rather than being confined 
to a small number of stations. In addition, the bias range increases with return period, with RL10 showing the largest dispersion and 
more pronounced outliers. This is consistent with hydrological expectations for the Danube: floods with shorter return periods are 
more strongly governed by synoptic-scale precipitation and seasonal melt signals that are comparatively well represented at the daily 
scale, whereas rarer floods are more sensitive to event sequencing and state dependence, floodplain storage effects, and reservoir 
operation. These factors introduce stronger nonlinearity and increase uncertainty, making high-return-period floods more difficult to 
simulate accurately.

Fig. 6b–d further evaluate event-scale performance in timing and magnitude. The ECDF of absolute peak timing error (Fig. 6b) 
indicates that many peaks are simulated within a relatively small time offset, suggesting that the model captures the occurrence of 
flood events reasonably well at the basin scale. However, the tail of larger timing errors implies that a subset of events remains difficult, 
particularly for floods with rapid rise and short response times that are often associated with intense rainfall in tributaries. The dis
tribution of relative peak magnitude error (Fig. 6c) is centered below zero and shows a clear negative skew, confirming that under
estimation dominates peak errors, especially for larger events. This tendency is also evident in the observed–predicted peak 
comparison (Fig. 6d): while most events lie close to the 1:1 line, underestimation becomes more apparent for the largest peaks. Overall, 
these results suggest that the daily-scale model reproduces the timing and general scaling of Danube flood peaks, but its performance 
deteriorates toward the most extreme events, highlighting the continuing difficulty of simulating rare floods in a large basin where 
both natural storage processes and human regulation play important roles.

5.3. Influence of station numbers on model prediction performance

To investigate the impact of station density on model performance, we conducted a station-thinning experiment. Fig. 7(a–i) shows 
the spatial configuration of gauging stations under progressively sparser networks, where the number of stations is reduced from 97 to 
17 in steps of 10 (97, 87, 77, 67, 57, 47, 37, 27, and 17). With increasing thinning, the station network shifts from relatively dense 
basin-wide coverage to a more discontinuous and uneven distribution. Under mild to moderate thinning (97–47 stations), the 

Fig. 7. Spatial Distribution of Hydrological Stations under Progressive Reduction in the Danube River Basin. (a)–(i) illustrate the station distribution 
after each reduction step of 10 stations.
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remaining stations still cover most major parts of the Danube River Basin and retain representation of key upstream, middle, and lower 
reaches, thereby providing sufficient spatial information to constrain basin-scale variability. Under stronger thinning (≤37 stations), 
spatial gaps become evident and some sub-regions are represented by only a few stations or none, leading to an increasingly imbal
anced sampling of the basin. This is hydrologically important because the Danube exhibits strong regional contrasts in hydroclimate 
and physiographic controls; insufficient sampling of certain hydroclimatic zones reduces the information available to constrain cross- 
station dependencies and limits spatial generalization.

The corresponding performance variations are summarized in Fig. 8, where MAE and RMSE are plotted against the number of 
stations, with the R² shown on the secondary axis. Overall, performance remains remarkably stable across the full range of station 
densities, indicating that the proposed framework does not require an extremely dense gauging network to achieve consistently high 
predictive skill. In particular, R² stays close to unity throughout the thinning experiment and exhibits only minor oscillations as 
stations are thinned or added, while MAE and RMSE vary gradually rather than abruptly. Although MAE/RMSE show a gentle tendency 
to decrease with increasing station count, the magnitude of improvement is modest, and no sharp “turning point” is observ
ed—collectively underscoring the robustness of the learned spatiotemporal representations to changes in network density. A shallow, 
non-monotonic fluctuation in R² around intermediate station counts is visible, but its amplitude is small relative to the overall level of 
fit, suggesting a secondary compositional effect rather than a strong optimum.

This weak sensitivity can be explained by the balance between added information and redundancy in the station set. When the 
network is relatively dense, many stations are located within the same tributaries or neighboring sub-regions, and their streamflow 
series are often highly correlated because they share similar meteorological forcing and catchment characteristics. Under such con
ditions, adding more nearby stations provides limited new information for learning basin-scale patterns, and the marginal benefit for 
R² is therefore small. Moreover, dense networks may include stations with similar hydrological behavior, so the additional data mainly 
reinforce already well-represented regimes rather than improving coverage of distinct hydroclimatic zones. In contrast, under strong 
thinning, spatial gaps increase and some regimes may be represented by only a few stations. This reduction in representativeness can 
lead to a modest increase in MAE and RMSE and a slight decrease in R², consistent with weaker constraints on spatial transfer across 
under-sampled parts of the basin. Overall, the key result is that the performance metrics remain largely stable under station thinning, 
supporting the applicability of the approach in basins where gauging networks are heterogeneous or relatively sparse.

To assess the spatial generalization ability of the GCN-LSTM model, we conducted a cross-station evaluation in which the model 
was trained using streamflow observations from 37 gauged stations and subsequently applied to 60 unseen stations within the Danube 
River Basin. It should be noted that, for each unseen station, the model was required to generate a continuous daily streamflow time 
series over the full evaluation period (2000–2014) without using any station-specific streamflow observations for calibration, fine- 
tuning, or adjustment. This experimental setup explicitly tests the model’s capability to transfer learned spatiotemporal representa
tions to locations without direct observational support, which is a key requirement for practical applications in ungauged or sparsely 
gauged regions. The aggregated performance statistics reveal a pronounced discrepancy between training and unseen stations, as 
summarized in Table 6. At the training stations, the GCN-LSTM achieves an exceptionally high KGE of 0.96, together with relatively 
small errors (MAE = 114.4235 m³/s; RMSE = 211.35 m³/s), indicating that the model can accurately reproduce streamflow variability 
when local information is explicitly available during training. In contrast, performance degrades substantially when the model is 
applied to the 60 unseen stations: KGE decreases to 0.24, while MAE and RMSE increase to 663.7236 m³ /s and 888.25 m³ /s, 
respectively. This consistent decline across all metrics suggests that, although the model exhibits strong fitting capability at trained 

Fig. 8. Variations in Predictive Performance of the GCN-LSTM Model under Different Numbers of Stations. Blue circles represent MAE, orange 
squares represent RMSE, and blue triangles represent R².
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locations, its predictive skill is only partially transferable to new stations with distinct hydrological conditions.
To place this performance gap in a spatial context, Fig. 9 shows the distribution of training and testing stations across the Danube 

River Basin, together with the error distributions at the unseen stations. The spatial layout indicates that both training and testing 
stations are spread across the basin and cover the main river corridor and major tributary regions, rather than being concentrated 
within a single sub-region. This reduces the likelihood that the performance degradation is primarily caused by a simple spatial 
sampling bias. However, the boxplots for unseen stations show a wide range of MAE and RMSE values, even when presented on a 
logarithmic scale. This dispersion indicates that the loss of performance at unseen sites is not uniform. While a subset of unseen stations 
maintains reasonable predictive accuracy, others exhibit much larger errors. Such heterogeneity suggests that generalization depends 
not only on whether a station is excluded from training, but also on how well the hydrological conditions at that station are represented 
by the training set. In particular, stations associated with distinct hydroclimatic regimes, stronger human influence, or more complex 
runoff-generation and routing behavior may be harder to predict when similar conditions are under-represented during training.

Motivated by this heterogeneity, we further examined whether the predictive performance at unseen stations is related to their 
spatial proximity to the training network. Fig. 10 shows the relationships between performance metrics and the distance from each 
unseen station to its nearest training station. Across the three panels, a consistent tendency is evident: KGE decreases as distance 
increases, whereas MAE and RMSE increase with distance. This indicates that spatial transferability is partly distance-dependent, and 
unseen stations located closer to training stations generally achieve better performance, likely because nearby catchments tend to 
share similar meteorological forcing and hydrological response characteristics, which are more readily transferred by the model. 
Nevertheless, the considerable scatter around the fitted trends indicates that geographic distance alone cannot fully explain the 
observed variability in performance, highlighting the influence of additional factors such as basin heterogeneity, anthropogenic 
regulation, and local catchment characteristics. Overall, Table 6 together with Figs. 9–10 demonstrate that while the GCN-LSTM 
performs exceptionally well at training stations, its application to unseen stations is associated with a structured and non-uniform 
degradation in skill.

6. Discussions

6.1. The impact of input data resolution on model performance

Our analysis demonstrates a clear difference in model performance when trained with daily versus monthly input data, highlighting 
the importance of temporal resolution in streamflow prediction. Specifically, the GCN-LSTM model, when trained with daily input 
data, shows a marked improvement in capturing both flood peaks and low-flow periods. This is consistent with previous studies that 
have emphasized the role of high temporal resolution in improving the representation of extreme events and short-term dynamics. The 
residuals of the daily-scale model remain close to zero with minor fluctuations, indicating its ability to simulate rapid changes in 
streamflow, which is crucial for flood forecasting (Liu et al., 2024; Lu et al., 2021). In contrast, the model trained with monthly data, 
while able to capture broader seasonal and interannual trends, exhibits significant limitations in simulating flood peaks. The residuals 
increase substantially during high-flow events, reflecting a lag in the model's response to rapid hydrological changes. This aligns with 
findings from previous research, which suggested that models using lower temporal resolution data tend to underestimate peak 
streamflow and struggle to represent rapid hydrological processes (Gacu et al., 2025; Krajewski et al., 2021). The monthly-scale model 
performed worse during flood events, underscoring the challenge of simulating peak streamflow accurately when temporal resolution 
is insufficient (Ren et al., 2023; Yang et al., 2025).

Importantly, several sources of uncertainty and potential confounding factors should be acknowledged when interpreting the 
magnitude of the daily–monthly performance gap. First, monthly temporal resolution inherently smooths intra-month variability, 
which can suppress the intensity and timing of short-lived rainfall–runoff responses—processes that are especially relevant in the 
Danube Basin, where hydroclimatic conditions vary strongly from headwaters to lower reaches (Dunkerley, 2019; Westra et al., 2014). 
Second, observed streamflow may be influenced by regulation and short-term human interventions (e.g., reservoir operation and flow 
management), which can alter sub-month dynamics and further amplify the apparent advantage of daily inputs when such variability 
is not well reflected by monthly forcing (Wu et al., 2019; Yu et al., 2023). These factors do not change the qualitative conclusion that 
daily inputs provide richer hydrological information for learning streamflow dynamics, but they help contextualize why improvements 
are most pronounced for peak-flow reproduction. These results underscore the need for high-resolution data, particularly for appli
cations that require precise prediction of extreme events like floods. While daily data significantly enhances model accuracy, it also 
increases computational demands, particularly for large-scale models (Biazar et al., 2025; Gacu et al., 2025; Marshall et al., 2025). For 
long-term hydrological analyses focused on seasonal to interannual variability, monthly configurations may offer a more economical 
baseline, whereas daily configurations are preferable when the priority is flood-relevant dynamics or short-term forecasting. Future 
work should therefore explore efficient multi-scale strategies that retain long-term consistency while selectively leveraging 
high-frequency information during hydrologically active periods, thereby balancing accuracy and computational feasibility for 

Table 6 
Comparison of GCN-LSTM prediction performance between training stations and unseen stations.

Models KGE MAE (m³ /s) RMSE (m³ /s)

GCN-LSTM (training stations) 0.96 [0.96, 0.96] 114.42 [64.06, 178.02] 211.35 [117.54, 319.19]
GCN-LSTM (unseen stations) 0.24 [0.19, 0.28] 663.72 [328.83, 1120.23] 888.25 [423.50, 1515.60]
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decision-making in flood-prone regions (Liu et al., 2025; Wang et al., 2025).

6.2. Model stability: station reduction experiment and prediction at ungauged stations

Our station reduction experiment aimed to evaluate the GCN-LSTM model's stability under varying amounts of station data. The 
results show that, despite reducing the number of stations from 97 to as few as 17, the model maintained stable performance with only 
minor fluctuations in accuracy. This indicates that the model is stable in handling reductions in the number of stations, demonstrating 
its resilience across different station configurations. The GCN-LSTM model exhibits a low sensitivity to the density of the input data, 
which is a desirable property for models intended for real-world applications, where data scarcity is common. This stability, however, 
comes with a limitation in generalization capability.

Although the model remained robust under the station-reduction experiment, its spatial generalization to ungauged stations still 
shows room for improvement. In practice, performance declines at distant or weakly represented sub-basins, where streamflow 
generation and routing behaviours differ from those learned during training (Kumar et al., 2024). A notable symptom is the model’s 
tendency to underestimate peak streamflow at ungauged sites. This can arise because peak events are relatively rare and are therefore 
under-emphasized by standard regression objectives, leading to conservative predictions that smooth extremes (Bigi et al., 2025). In 
addition, graph message passing aggregates information from neighbouring stations; when neighbouring nodes are not truly hydro
logically analogous, the resulting “spatial averaging” can further dampen sharp peaks (Twaróg, 2025). Moreover, localized extreme 
precipitation and human regulation can shift or attenuate observed peaks in ways not explicitly represented by the current inputs, 
thereby amplifying errors at ungauged stations (Potdar et al., 2021).

These findings reinforce a well-known challenge in hydrology: accurate prediction at ungauged locations is often limited by the 
absence of region-specific information (Gacu et al., 2025). Future work could improve transferability by incorporating richer de
scriptors of catchment similarity (e.g., additional physiographic and climatic attributes and hydrological signatures such as seasonality 

Fig. 9. Spatial distribution of training and testing stations and performance statistics at testing sites in the Danube River Basin.

Fig. 10. Relationship between model performance and distance to the nearest training station at testing sites.
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and storage proxies), and by introducing physics-guided constraints or event-sensitive training objectives to better preserve flood 
peaks. In addition, regional grouping or basin segmentation (e.g., regime-based clustering by tributaries, climate zones, or hydro
logical signatures) may reduce cross-regime information mixing during message passing and thus enhance generalization. We note that 
extending the Danube-trained model to entirely different basins or climate zones would generally require re-training or explicit 
domain-adaptation approaches. While this is beyond the scope of the present study, it represents a meaningful direction for further 
research (Belvederesi et al., 2022; Gacu et al., 2025; Gonzales-Inca et al., 2022).

6.3. Future directions for model development and improvement

Despite the GCN-LSTM model's strong predictive capability across diverse regions and flow conditions, significant opportunities 
remain for further refinement and expansion. First, we note a key limitation of this study: although we compared GCN-LSTM with 
widely used temporal baselines, we did not include additional spatiotemporal architectures such as CNN–LSTM, ST-GCN, or DCRNN. 
As streamflow prediction is inherently spatiotemporal, broader benchmarking against these models would provide a more compre
hensive assessment. We therefore regard identifying and evaluating which spatiotemporal modeling paradigms best represent river- 
network dynamics as an important direction for future work. At the same time, it should be emphasized that this study does not 
aim to replace physically based hydrological models. Physically based and conceptual models remain indispensable for process un
derstanding, scenario analysis, and water-resources planning, while the proposed GCN-LSTM framework is intended as a comple
mentary data-driven approach, particularly suited to prediction-oriented applications or settings where extensive physical model 
calibration is challenging.

Future work should focus on enhancing uncertainty treatment, improving the simulation of extreme events, and strengthening 
practical applicability across time scales. Current deterministic prediction frameworks often fail to account for uncertainties arising 
from input errors, model simplifications, and boundary conditions (Khalili et al., 2023; Zhou et al., 2025). To address this, methods 
such as Bayesian graph neural networks, Monte Carlo dropout, and ensemble learning could be integrated to quantify predictive 
uncertainty and provide probabilistic forecasts. This would improve reliability for decision-making in high-risk contexts (Fakour et al., 
2024; Peng et al., 2025). Furthermore, improving the model's responsiveness to rare extreme events, such as floods and droughts, is 
crucial. Future research could explore designing loss functions sensitive to extremes or applying reweighting strategies to enhance 
recognition of rare events, reducing the underestimation of peak streamflow (Laimighofer et al., 2022; Li et al., 2024). Another 
promising direction is cross-basin transfer learning. By aligning graph structures across basins, enabling embedding matching, and 
sharing parameters, the model could become more transferable to data-scarce regions. Incorporating basin delineations, climate 
characteristics, and topographic attributes into graph embeddings could further enhance generalization, contributing to the devel
opment of intelligent hydrological models with regional and global applicability (Gacu et al., 2025; Xu et al., 2023).

Finally, while daily inputs have demonstrated clear benefits for short-term dynamics and extreme-event representation, long- 
horizon applications must also consider computational cost and operational convenience. Practical alternatives include multi-scale 
strategies that retain a monthly configuration to characterize seasonal–interannual variability while activating daily inference dur
ing hydrologically active periods, as well as reducing redundant predictors through aggregation or feature selection. Such designs can 
preserve much of the event-scale benefit of high-resolution inputs while keeping long-term simulations tractable, thereby strength
ening real-world applicability for basin management and forecasting (Gacu et al., 2025; Granata and Di Nunno, 2025; Zhao et al., 
2024). Equally important, our redundancy diagnostics indicate substantial collinearity among energy and evaporation-related pre
dictors and among runoff-related fluxes (Fig. S1), suggesting that a more principled predictor reduction could improve interpretability 
and reduce “double counting” of highly overlapping information. Future work could therefore integrate group-wise feature selection, 
aggregation of physically equivalent variables, or representation-learning approaches that compress correlated predictors into a 
compact latent set, thereby improving robustness and facilitating clearer physical interpretation without sacrificing predictive 
accuracy.

6.4. Physical interpretability and hydrological meaning of the graph structure

Although the proposed approach is data-driven, its spatial design is anchored in hydrologically meaningful information by 
incorporating physiographic controls and spatial relatedness among stations. The static features represent first-order determinants of 
streamflow generation and storage–release behavior. These variables provide an interpretable basis for distinguishing catchment 
similarity and spatial heterogeneity across the Danube Basin (Pastor et al., 2024). We acknowledge that snowmelt and groundwater 
processes are not explicitly represented through dedicated physical modules. However, their integrated signatures are partially 
captured through physiographic proxies and meteorological forcing. In particular, elevation-related gradients are closely associated 
with temperature seasonality and precipitation phase, which control the timing of meltwater contributions (Jahan et al., 2025). 
Meanwhile, soil and vegetation attributes constrain subsurface storage capacity and delayed release mechanisms that are commonly 
linked to groundwater buffering and catchment memory (Oswald et al., 2024). By combining these static controls with time-varying 
atmospheric inputs, the model leverages physically consistent relationships between catchment properties, climate forcing, and 
observed streamflow dynamics.

The station connectivity defined by geographic proximity and physiographic similarity should be interpreted as an approximation 
of hydrological relatedness rather than a strict representation of flow routing. Spatial proximity reflects regional coherence in 
hydroclimate forcing, while physiographic similarity reduces unrealistic connections between nearby but hydrologically distinct 
catchments (Betterle et al., 2019). This graph design therefore supports basin-scale regionalization and information sharing among 
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stations under heterogeneous conditions. Nevertheless, it does not explicitly encode upstream–downstream directionality, travel time, 
or human regulation effects, which may be important in regulated sub-basins or for ungauged locations. Future work could strengthen 
the hydrological meaning of connectivity by incorporating river-network topology and by explicitly accounting for regulation signals 
where relevant, thereby improving interpretability and transferability across diverse hydroclimatic settings (Dwivedi et al., 2025). In 
addition, because multiple ERA5-Land predictors reflect closely related water–energy balance processes, a more compact and phys
ically grounded predictor set may help separate “what drives streamflow” from “how streamflow is transmitted through the network,” 
thereby improving interpretability of both node features and graph message passing.

7. Conclusions

This study employed a multi-source graph-based GCN-LSTM framework for streamflow prediction, integrating the spatial modeling 
capability of GCN with that of LSTM. The objective was to improve the representation of complex hydrological processes and enhance 
regional-scale generalization. The main findings are as follows:

(1) Across multiple experiments, the GCN-LSTM model consistently outperformed benchmark models. In experiments using 97 
gauging stations in the Danube River Basin, GCN-LSTM achieved the highest R² values and the lowest error metrics, demonstrating 
clear advantages in capturing overall streamflow dynamics and extreme flow responses.

(2) In small-scale experiments within the Danube Basin, replacing monthly inputs with daily inputs and synchronizing both 
streamflow and dynamic variables to a daily resolution resulted in significantly improved predictive performance. This improvement 
was especially evident in capturing extreme events and short-term variability, underscoring the importance of high temporal reso
lution data for modeling rapid hydrological processes.

(3) The station-thinning experiments indicate that model performance remains highly robust across station densities, with R² 
consistently above 0.93 and only minor fluctuations. MAE and RMSE vary gradually rather than sharply as stations are removed or 
added, implying that station density has only a limited impact on predictive accuracy. A modest degradation is observed when fewer 
than 30 stations were used, consistent with reduced spatial representativeness.

(4) Cross-validation experiments showed reduced performance at ungauged sites, with further degradation as the distance to the 
training network increased. These results indicate that generalization remains a key challenge in hydrologically diverse ungauged 
regions, where limited representativeness of training conditions can degrade performance and lead to underestimation of extreme 
flood peaks.
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