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Abstract
Recent research has emphasized the need to adapt life cycle inventories and life cycle impact assessments to account for 
changes in future scenarios. This is mostly achieved by using Integrated Assessment Models (IAMs), which combine envi-
ronmental and economic data to develop prospective life cycle inventories (LCIs). However, running complex IAMs to 
simulate scenarios is computationally expensive, and the resulting data is not always aligned with the geographical scope 
of background inventories. This study explores the potential of machine learning (ML) to create prospective water-scarcity 
characterisation factors by forecasting the AWARE factor for ~ 9700 watersheds globally. Historical time series of water-
scarcity characterisation factors are generated using the global freshwater model WaterGAP v2.2d and the AWARE method. 
Several ML models are trained on these historical datasets and benchmarked using symmetric mean absolute percentage error 
(sMAPE). The best-performing model, N-Beats, is then used to forecast AWARE values through 2032. The results demon-
strate that ML can produce spatially and temporally explicit forecasts with reasonable accuracy (median sMAPE ~ 28%). 
However, the models primarily capture seasonal patterns rather than long-term structural trends and the results are sensitive 
to the quality and representativeness of the training data. This study highlights both the potential and the limitations of time 
series forecasting for developing prospective characterisation factors in life cycle assessment.
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1  Introduction

The environmental benefits of adopting an emerging 
technology over an incumbent technology often become 
more salient when the future changes in the economy and 
environment are considered (Arvidsson et al., 2018, 2024; 
Thonemann et  al., 2020; van der Giesen et  al., 2020). 
Assessing the environmental impact of future technologies 
using prospective Life Cycle Assessment (LCA) is chal-
lenging, because numerous assumptions about uncertain 
socio-techno-economic pathways need to be made (Blanco 
et al., 2020; Cucurachi & Blanco et al., 2023; Cucurachi 
et al., 2018; Guinée et al., 2018; Sacchi et al., 2022).

Most prospective LCAs are solely transforming the 
inventory database to match those future scenarios. How-
ever, environmental impacts are determined when inven-
tories are multiplied with characterisation factors (CFs) 
(Guinee, 2002). Therefore, determining prospective envi-
ronmental impacts should ideally also include the use of 
prospective CFs, which has until now rarely been done.

When anticipating future environmental impacts and 
economic developments, practitioners generally rely on 
scenarios that are quantified in Integrated Assessment 
Models (IAMs), which offer a consistent platform to per-
form future-oriented analyses across multiple studies and 
system boundaries. However, in doing so, IAMs make 
many assumptions on technological development path-
ways. Furthermore, similar technologies and regions are 
grouped together, leading to aggregated and deterministic 
pathways. This does not always match well with LCAs, 
which aim for high detail and differentiation across tech-
nologies and locations (Sacchi et al., 2022).

This study explores the potential of machine learning to 
create future characterisation factors based on time series 
forecasting (Yuan et al., 2022). A recent study (Baustert 
et al., 2022) proposed a set of prospective characterisation 
factors (CFs) for future water scarcity using the output 
data from the IAM ‘IMAGE’ (Stehfest et al., 2014). We 
develop a set of prospective water scarcity characterisation 
factors based on ML, which allows us to explore the use 
of ML and compare it to IAM-based characterisation fac-
tors. It is our hypothesis that ML, as data-driven approach, 
can be less dependent on assumptions and will be able to 
generate spatially and temporally explicit characterisation 
factors based on historical time series data. This allows 
CFs to be developed for regions that are better aligned 

with the original scope of inventory databases like ecoin-
vent (Wernet et al., 2016).

Multiple studies have shown that water scarcity is 
strongly correlated to other climate variables, for example 
average surface temperature, vegetation growth and others 
(Jiao et al., 2021). These correlated variables—or covari-
ates—can be obtained from well-established climate mod-
els. Training an ML model on historical data and histori-
cal covariates could allow prospective CFs to be calculated 
directly from climate models. With this study we aim to 
make a first step towards this goal by developing historical 
time series data of a water scarcity characterisation factor 
and training a deep learning ML model on it. By definition, 
mechanistic deviations from past trends cannot be predicted 
by forecasting models, because the necessary data is not 
present in historical datasets.

Machine learning (ML) is used in many scientific fields 
related to environmental impact assessment. It has for 
instance been used to predict climate- and water-related 
events and trends (Ahmed et al., 2022; Barbarossa et al., 
2018; Khoi et al., 2022). Climate responses have been pro-
jected until the year 2100 (Kitsios et al., 2023). In prospec-
tive LCA, ML has been applied to address common chal-
lenges related to data availability, to derive environmental 
impacts from product properties and characteristics, and 
to optimize processes from an environmental perspective 
(Adedeji et al., 2020; Algren et al., 2020; Karka et al., 2022; 
Markovics & Mayer, 2022; Romeiko et al., 2020; von Bor-
ries et al., 2023; Zhu et al., 2020). An extensive review of 
ML in the context of prospective LCA was recently pub-
lished by Blanco et al. (2024).

Time series forecasting aims at predicting future target 
values based on patterns and dependencies identified within 
sequences of historical data (Alsharef et al., 2022; Atabay 
et al., 2022; Kim et al., 2021; Montgomery et al., 2016). 
Traditionally, statistical methods such as autoregressive inte-
grated moving average (ARIMA) models (Box, 1970) and 
state space models (Durbin & Koopman, 2012) are widely 
used for their interpretability and simplicity. Advanced 
machine learning techniques, such as Long Short-Term 
Memory networks (Hochreiter & Schmidhuber, 1997), con-
volutional neural networks (Borovykh et al., 2018), ensem-
ble methods like Gradient Boosting (Chen & Guestrin, 
2016), can also capture temporal patterns and dependencies 
with complex input data.

Deep learning methods, such as neural basis expansion 
analysis for interpretable time series forecasting (NBeats) 
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(Oreshkin et al., 2019) and Temporal Fusion Transform-
ers (Lim et al., 2021), have outperformed classical meth-
ods on a variety of tasks (Salinas et al., 2017). In addition 
to improved accuracy, modern deep learning methods also 
perform well when trained on large numbers of time series 
sets, as opposed to classical methods like ARIMA, which 
typically require training one local model per individual time 
series. In this work, we refer to “local” models as individu-
ally trained on a single time series, and to “global” models 
as those that are fitted on multiple time series, as in multiple 
basins around the globe simultaneously.

Time series data typically have characteristics such as 
seasonality, trend and autocorrelation. Classical statistical 
models have traditionally focused on univariate forecasting, 
where the prediction of future values of a single variable is 
based on observations of past values of that variable alone. 
For climatic data, multivariate forecasting can increase the 
accuracy of ML-models by incorporating multiple input 
variables that are interdependent. Multivariate forecasting 
through deep learning techniques can often better capture 
the characteristics of the underlying data and are typically 
categorized into two types: many-to-one forecasting, where 
a single future value is predicted using several input vari-
ables, and many-to-many forecasting, where multiple future 
values are predicted based on multiple inputs. In time series 
forecasting, both the input and output consist of sequences 
of multiple values, which motivates the use of a many-to-
many approach.

First, a brief discussion about computing historical time 
series of the AWARE factor is provided, based on the meth-
odologies described by Boulay et al. (2018) and Baustert 
et al. (2022). These historical time series serve as training 
data for the machine learning models used in the present 
study. Second, preparing the data for input into ML-models 
is necessary to ensure robust model deployment. Model 

accuracy is assessed using metrics described in Sect. 2.2, 
which are used to select the best-performing algorithm on 
a sample set. Subsequently, the algorithm is deployed with 
the full dataset and the forecasts are analysed. The analysis 
entails a comparison to the IAM-based predictions to high-
light the differences that result from calculating prospective 
CFs with different methodologies. Finally, we discuss the 
method, its limitations, and the general potential of time 
series forecasting to anticipate future changes in charac-
terisation factors in comparison to IAMs (Fig. 1). To our 
knowledge, this is the first attempt to forecast CFs with ML-
models and compare this approach to prospective characteri-
sation factors based on data from IAMs.

2 � Methods

2.1 � Calculation of Historical Time Series: AWARE 
and Covariates

The water scarcity characterisation factor AWARE was 
selected as case study because hydrological data since the 
beginning of the twentieth century is available from the 
WaterGAP v2.2d model. The study by Baustert et al. (2022) 
offers prospective data for comparison with own results of 
forecasts. They chose the “Middle-of-the-road” scenario to 
calculate future CFs, following a narrative where “trends 
do not shift markedly from historical patterns” (van Vuuren 
et al., 2017). By comparing the forecasting results of this 
study with Baustert et al. (2022), differences between the 
methods to obtain prospective CFs can be identified.

The original AWARE characterisation factors are pub-
lished and available online (www.​wulca-​water​lca.​org). In the 
official dataset the AWARE-factor is available for the year 
2010 on a monthly and annual timescale. However, training 

Fig. 1   Comparison of approaches to calculate prospective CFs from this study and IAM-based calculations as published by Baustert et al. (2022)

http://www.wulca-waterlca.org
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ML-models requires a significantly larger dataset. Therefore, 
time series data of the CF needed to be generated by apply-
ing the original AWARE methodology (Boulay et al., 2018) 
on historical data of the global freshwater model WaterGAP 
v2.2d (Müller Schmied et al., 2021). The method is well-
described in several publications (Baustert et al., 2022; Bou-
lay et al., 2018, 2021) and based on the “availability minus 
demand” (AMD) factor. AMD is calculated for each basin i 
at a monthly scale:

with (see also Baustert et al., 2022):
Availability: actual water availability as runoff based on 

precipitation and evapotranspiration (in m3/month);
HWC: human water consumption, which includes irriga-

tion, domestic, industrial, and other sectorial demand (in 
m3/month);

EWR: environmental water requirements (in m3/month), 
which corresponds to the monthly natural water flow (virtual 
flow without any human influence) weighted depending on 
its value compared to the annual average of the natural water 
flows [weighting factor of 0.6 if the monthly value is below 
40% of the average, 0.3 if it is above 80% of the average, 
and 0.45 for intermediary values, as defined by Pastor et al. 
(2014)];

Area: area of the geographical unit i (in m2)
The final characterisation factor AWARE is the ratio 

between the consumption-weighted world average of AMD 
(AMDwa) across all basins and the AMD of each individual 
basin (AMDi). The AWARE-factor can be interpreted as 
the surface-time equivalent required to generate one m3 of 
unused water in this region:

The WaterGAP datasets for the hydrological variables are 
available at a resolution of 30 arc minutes (~ 56 km at the 
equator). In combination with the basin-definitions, flow-
direction and basin-filters as published in supplementary 
information of Boulay et al. (2018), data was aggregated to 
basin-level in order to compute AMDi, AMDwa and subse-
quently the AWARE for each year from 1960 to 2016.

In the original method, boundary conditions are set for 
the AWARE factor to define its minimum and maximum 
values. The maximum value of 100 is assigned when AMDi 
is less than 1% of the yearly world average. Conversely, the 
minimum value of 0.01 is set when AMDi exceeds the world 
average 100 times (Boulay et al., 2018). In this work the 
same boundary conditions were applied.

We used the output-data of WaterGAP v2.2d to calcu-
late the monthly AWARE factors following the approach 

(1)AMDi =
Availabilityi − HWCi − EWRi

Areai

(2)AWARE =
AMDwa

AMDi

of Boulay et al. (2018). Discharge of a basin corresponded 
to the discharge of the most downstream cell within that 
basin, as all human demand has already been met before the 
waterflow leaves the basin in the outflow-cell. Data is cut off 
before 1960 because climate forcing data is modelled differ-
ently before that year (Müller Schmied et al., 2021). After 
filtering the basins according to Boulay et al. (2021) and 
removing basins in polar regions 9707 basins remained. The 
used covariates are: total water storage, total groundwater 
recharge, total runoff, and leaf area index. These variables 
stem from the ISIMIP3a simulation round (Gosling et al., 
2024) and are aggregated to basin level, following the same 
approach as previously described.

2.2 � Data Preparation

The AWARE-method was used to calculate monthly AMD, 
AMD world average, and AWARE values at the basin level 
for the period 1960–2016. As is common with ML methods, 
the data was prepared by applying a transformation pipeline 
consisting of log-transformation and scaling. Log-transfor-
mation was applied to reduce skewness of the data and the 
impact of outliers on the model. Scaling the values to the 
interval [0, 1] further aided the model to learn patterns from 
different basins and made them comparable. Normalization 
was achieved by applying

within each basin, where xi is the original value, xmin and 
xmax are the minimum and maximum values of the data-
set within the respective basin. xi′ is the resulting normal-
ized value scaled to the range [0, 1]. The data was split into 
training-set and test-set with a ratio of 80% to 20%, the 
training dataset therefore ended in 2005. The transforma-
tion-pipeline was applied to both datasets, while only being 
fitted onto the training dataset (Hewamalage et al., 2023). 
That means if a value exceeds xmax and was in the test set it 
ended up as xmax-test > 1, because it was not considered dur-
ing normalization.

Basins were clustered with k-means dynamic time 
warping (Petitjean et al., 2011) to inspect common his-
torical subsets of time series behaviour. It was imple-
mented with the tslearn toolkit (Tavenard et al., 2020) 
(Supplementary Materials SM2). K-means dynamic time 
warping is a clustering algorithm that groups time series 
data by aligning sequences, measuring similarity regard-
less of time shifts or distortions. As AWARE is a ratio and 
has cutoff values/boundaries that might hide important 
trends, AMDi was selected for clustering the data. The 
results of the clustering can be found in Supplementary 
Materials SM1. No cluster showed a significant long-term 

(3)xi� =
xi − xmin

xmax − xmin
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trend, meaning that the historical data did not significant 
changes in water scarcity over the course of 56 years pre-
sent in the training dataset.

We compared the correlations between the published 
original AWARE-factors and our own calculations as 
well as the factors calculated by Baustert et al. (2022) 
(Fig. 2). IMAGE-based AWARE-values had a correlation-
factor of only 0.53 to the original values in 2010. Many 
basins with originally low AWARE-factors had signifi-
cantly higher values with IMAGE-data. Calculations of 
this study, which were based on WaterGAP v2.2d, had 
a correlation-factor of 0.81 to original AWARE-values. 
Perfect correlation was not reached because the original 
method (Boulay et al., 2018) used an older version of 
WaterGAP, which was not accessible. Most basins had 
higher AWARE-values with the new WaterGAP dataset, 
than originally calculated.

2.3 � Model Prediction

The Darts library in python (Herzen et al., 2022) offered a 
framework to conduct machine learning with sklearn and 
pytorch lightning adjusted for time series forecasting. To 
save computational resources, 9707 basins were reduced to 
1463 basins by selecting only those basins that consisted of 
at minimum three 0.5 × 0.5-degree grid cells. Small sized 
grid cells are typical for watersheds in coastal areas. Since 
water models are subject to higher uncertainties in those 
regions, we chose to focus on large basins in our study to 
assess the potential of machine learning and forecasting.

Multiple machine learning algorithms (Table 1) were 
benchmarked to identify the best-performing one for fore-
casting. XGBoost is effective and scalable but requires care-
ful tuning and may struggle with sparse, high-dimensional 
data. LightGBM offers fast training and efficient feature 
handling but is prone to overfitting and has limited interpret-
ability. NBeats provides interpretable time series predictions 

Fig. 2   Correlation of AWARE-factors in year 2010 per basin, left: 
original AWARE-values as published by WULCA against calcu-
lations of this study based on WaterGAP v2.2d, center: original 

AWARE-values against calculations of Baustert et al. (2022) based on 
IMAGE, right: correlation between this study’s AWARE-values and 
IMAGE-AWARE. Underlying data for this figure is available in SM2

Table 1   Characteristics of the algorithms that are benchmarked in this study

Algorithm Advantages Disadvantages Literature

XGBoost • Highly effective and versatile
• Efficient, scalable, suitable for large datasets
• Built-in regularization, reduced risk of overfit-

ting

• Sensitive to hyperparameter tuning, requires 
careful optimization

• Might not perform well in high-dimensional, 
sparse feature spaces

Chen and Guestrin (2016)

LightGBM • Comparatively fast training times and quick 
development of models

• High accuracy through implementation of fea-
ture selection techniques

• Native categorical feature selection without one 
hot encoding

• Prone to overfitting with small dataset or com-
plex models

• Limited interpretability
• Not suited for small datasets

Ke et al. (2017)

NBeats • Interpretable predictions by decomposing the 
time series into a series of basic functions

• Modular and customizable

• Prone to overfitting
• Potentially time-consuming hyper parameter 

tuning

Oreshkin et al. (2019)
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and modularity but is susceptible to overfitting and may 
require extensive hyperparameter tuning. The dataset in this 
study included over a thousand time series of 684 monthly 
time steps each, which makes NBeats particularly suitable 
because it can learn shared patterns across multiple basins. 
XGBoost and LightGBM need more extensive feature engi-
neering and can be less efficient when capturing temporal 
dependencies.

Benchmarking with accuracy, measured as median 
sMAPE across all basins, and the time taken to complete the 
forecasting task (Fig. 3) was based on the data from the sub 
selection of largest basins. Although the naïve models were 
the fastest to execute, their accuracy was significantly lower 
compared to more advanced models such as gradient boost-
ing (XGB, LightGBM) and deep learning models (NBeats).

The NBeats deep learning model was selected, as it had 
the highest prediction accuracy and allows training a global 
model, considering data from all basins simultaneously. The 
deployed N-Beats model architecture consisted of 24 stacks, 
each composed of 2 blocks with 2 fully connected layers 
per block. Each layer contained 136 units, and the output 
coefficient dimension was set to 12. The model was trained 
with a learning rate of 0.001 and a batch size of 1024. These 
parameters were selected after sampling different configura-
tions (Supplementary Materials SM2), changing input chunk 
length, output chunk length, number of stacks, blocks and 
layers, batch size and the number of maximum samples per 
time series used for model training.

To address overfitting and optimize model performance 
during training, we employed two common techniques: 

early stopping and learning rate scheduling. Early stopping 
was implemented using PyTorch Lightning's EarlyStop-
ping callback, which monitors validation loss and halts 
training when no improvement is observed for 5 consecu-
tive epochs, thereby preventing the model from overfitting 
to the training data. The learning rate was initially set to 
1e-3 and dynamically adjusted using PyTorch Lightning's 
ReduceLROnPlateau scheduler, which reduces the learn-
ing rate by 50% when validation loss plateaus for 2 epochs. 
Both techniques were integrated into the NBeats model 
through the Darts PyTorch Lightning interface, where key-
word arguments such as the EarlyStopping callback are 
passed directly to the Trainer class constructor.

The lookback window, or input chunk length, is the 
number of past time steps considered to make a prediction 
for the next time step. Considering the seasonality over 
12 months of hydrological data a lookback window that is 
a multitude of 12 was chosen. In this case, 72 months or 
six years was picked as it captures long-term trends bet-
ter than shorter windows. Even longer lookback windows 
increase the risk of overfitting and reduce generalizability. 
The model then becomes more complex and might include 
outdated information that is not relevant to most recent 
trends.

Because the historical time series data entails non-
normality and non-stationarity (Supplementary Materi-
als SM1) the symmetric mean absolute percentage error 
(sMAPE) is selected as performance metric (Hewamalage 
et al., 2023). sMAPE considers both the magnitude and 
direction of the error, over-forecasting and under-fore-
casting are treated equally. The value of sMAPE ranges 
between 0 and 200%, a lower value indicates a more accu-
rate performance of the model with

where At is the actual value at timestep t and Ft represents 
the forecasted value at timestep t. In the nominator the differ-
ence between actual value and forecasted value is calculated. 
The denominator represents the average of the actual and 
forecasted value.

After cross-validating (Supplementary Materials SM1), 
the ML models were used to forecast the AWARE-factor 
until the year 2032, which was 16 years after the end of the 
dataset. The forecasting horizon of 16 years is a multiple 
of the output chunk length of 12 months, which corre-
sponded to the timespan the ML model predicted in each 
iteration. Baustert et al. (2022) have calculated AWARE 
values based on IMAGE for 2030, which made direct com-
parison of the predictions in that year possible. Cross-
validation was performed using two approaches. First, we 

(4)SMAPE =
100%

n

n∑

t=1

||At − Ft
||

|At|+|Ft|
2

Fig. 3   Benchmarking seven algorithms along median sMAPE and 
elapsed training time. Underlying data for this figure is available in 
SM2
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applied an expanding window strategy, commonly referred 
to as a time series split, which is a variation of k-fold 
cross-validation adapted for temporal data. In this method, 
the training window gradually expands over time: the first 
dataset covered 1960–1980, the second 1960–1990, and so 
on, until the full dataset was used. Each split took earlier 
data for training and later data for testing. Second, we used 
a rolling window approach, where each dataset covers a 
fixed 20-year period. The first window spans 1960–1980, 
the second 1970–1990, and so forth, moving forward in 
time while maintaining a constant window size. In total, 
ten cross-validation sets were constructed using these 
two methods (Supplementary Materials SM2). The roll-
ing window validation is a complementary test, helping 
to understand whether the model degrades or potentially 
improves when it has access to less historical data over 
different periods.

3 � Results

Applying the NBeats algorithm to the historical AWARE 
time series of the 1,463 largest basins resulted in a median 
sMAPE of 25% (Fig. 4). Forecast accuracy varied widely, 
with some basins achieving high precision (sMAPE ~ 3%), 
while others showed significantly poorer performance 
(sMAPE ≥ 50%). The NBeats algorithm outperformed other 
models tested in this study (Fig. 3). More than 60% of the 
basins showed an sMAPE below 30%, with a maximum 
value of approximately 78%. In comparison, other models, 
such as XGBoost and LightGBM, exhibited poorer perfor-
mance, with maximum sMAPE values exceeding 100%. 

Furthermore, these models had a higher proportion of basins 
with sMAPE values above 50% compared to NBeats.

A visual inspection of 60 basin forecasts against the 
validation set indicated that the models generally predicted 
seasonality accurately. However, while seasonality was well 
captured, the 30-month moving averages often differed sig-
nificantly from the validation set. Furthermore, forecasts 
for some basins with sMAPE values below 20% did not 
align closely with the validation set. Figure 5 shows both 
the monthly model predictions against the validation set 
and long-term 30-month moving averages of historical data 
as well as forecasts of three representative basins. For the 
monthly forecasts historical values were cut off before the 
year 2006.

Arguably, LCA practitioners are most interested in long-
term trends and forecasts of regions in which water scarcity 
might change significantly over the course of the next dec-
ades. Forecasts of yearly values were therefore attempted, 
but did not result in satisfactory accuracy. We applied the 
moving-average over the monthly values to depict those 
long-term developments and trends. As result of analysing 
more long-term trends we observed less positive outcomes 
of the forecasts.

While the forecasts matched the validation set in 2006 
and accurately captured initial trends during the validation 
period, the predictions for the following years did not match 
the validation values. In 2016, at the end of the validation 
period, actual values and forecasts were comparable again, 
in the basins located in Bolivia and Turkey. However, in 
the Wolga-basin, a significant difference of approximately 
20 m3

world-eq./m3 was prevalent. This type of errors was 
observed across many basins that were visually inspected, 
and were further discussed in the following sections.

In the final deployment of the NBeats algorithm, the 
machine learning (ML) model was trained on the whole 
period of the dataset, from 1960 to 2016 with a monthly tem-
poral resolution. According to the forecasts of the NBeats 
model, in 2030 more than 70% of the basins are expected to 
have lower AWARE values than in the year 2010. Approxi-
mately 400 basins with factors over 60 m3

world-eq./m3 in the 
baseline year were forecasted to further increase up to almost 
100 m3

world-eq./m3 (Fig. 6).
Figure 7 provides a global overview of the local differ-

ences within the basins between the NBeats forecasts and 
the IMAGE-based calculations. Positive values indicate 
that the NBeats forecasts were higher than the IMAGE-
based forecasts, while negative values indicate the oppo-
site. In South America, Europe and Central Africa, many 
basins had similar AWARE-factors for the year 2030, 
whereas basins near the equator, Eastern America and 
West Australia showed more saturated colours, indicat-
ing bigger discrepancies between the two approaches. 
More saturated colours seen in many basins, along with 

Fig. 4   Distribution of basins per sMAPE-value for the sub selection 
of basins with NBeats model. Underlying data for this figure is avail-
able in SM2
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the correlation plots suggested that there were significant 
differences between the results from traditional IAM-based 
assessments and those based on machine learning (Sup-
plementary Materials SM2).

Figure 7b shows the difference between the forecasts and 
the original AWARE-factor with the same colour code. As 
already pointed out, minor differences between forecasts and 
original values were noted in many basins across the globe. 

Fig. 5   Forecast evaluation of three basins located in Bolivia, Turkey 
and the Wolga; first row: Scaled AWARE values of validation fore-
casts against historical actual data in the timespan 2006–2016, second 
row: 30-month moving averages of historical actual AWARE-values 

1960–2016, validation forecasts in timespan 2006–2016 and future 
forecasts in the timespan 2016–2026. Underlying data for this figure 
is available in SM2

Fig. 6   Correlation of AWARE-factors in year 2030 per basin, left: 
NBeats-forecasts against calculations of this study based on Water-
GAP v2.2d, center: NBeats-forecasts against calculations of Baustert 

et al. (2022) based on IMAGE, right: correlation between this study’s 
AWARE-values in 2010 and IMAGE-AWARE. Underlying data for 
this figure is available in SM2
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Fig. 7   Difference of AWARE-factors [m3 world eq./m3] with; a 2030 
NBeats forecasts and 2030 SSP2 RCP2.6 IMAGE predictions; b 2030 
NBeats forecasts and 2010 AWARE values of this study; c 2030 SSP2 
RCP 2.6 IMAGE predictions and 2010 AWARE values of this study. 

IMAGE predictions are based on Baustert et al. (2022) and a similar 
colour scheme was applied. Underlying data for this figure is avail-
able in SM2
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Approximately 100 basins showed a significant increase 
or decrease of over 20 m3 world eq./m3. For comparison, 
Fig. 7c shows the difference between IMAGE predictions 
and 2010 AWARE-factors, calculated with WaterGAP v2.2d. 
The differences in this case were more extreme, which can 
be attributed to discrepancies that were already present in 
the baseline year, also reported by Baustert et al. (2022).

4 � Discussion and Conclusion

The aim of this study was to explore the extent to which 
machine learning can be used to forecast spatially and tem-
porally explicit characterisation factors. We developed his-
torical time series data of a water scarcity characterisation 
factor, based on the hydrological data from the WaterGAP-
model and the characterisation factor AWARE. That data 
was used to train a deep learning ML-model that provided 
a set of prospective water scarcity CFs. These novel ML-
based CFs, which represent individual basins improve on 
previous prospective CFs with a higher level of aggregation 
of underlying models and data. The ML-model also allows 
practitioners to use covariates that can be obtained from cli-
mate models (e.g., average surface temperature), opening 
the door to more accurate prospective CFs in the future, 
correlated with climate modelling.

Comparing our ML-based CFs with the original AWARE 
CFs (Boulay et al., 2018) for the baseline-year 2010 (the 
only year for which the original AWARE CF is available), 
we find that our model has a correlation factor of 0.8. Com-
pared to the validation AWARE-time series from 2005 to 
2016, we find that seasonality and short-term trends were 
accurately picked up by the ML-based models, but that 
long-term forecasts were less precise. In many basins the 
AWARE-factor seasonally fluctuates between maximum 
and minimum value over the course of a year. Big seasonal 
differences between maximum and minimum scarcity com-
plicated forecasting. Additionally, outliers and uncertain-
ties introduce noise, which can be mitigated in the future 
by aggregating on temporal (monthly to yearly) and geo-
graphical level (basin to country). The recently published 
AWARE2.0 (Seitfudem et al., 2025), with updated HWC 
and EWR calculations, might be more feasible for time-
series forecasting and should be used as training data for 
follow-up research of the present work. Time-series specific 
data augmentation techniques (e.g., adding small amounts 
of noise, bootstrapping blocks of time series) can further 
mitigate the effect of outliers. Additional research should 
evaluate the sensitivity of forecasting accuracy to alternative 
pre-processing approaches, including Box-Cox transforma-
tions and different scaling methods beyond the min–max 
normalization used here.

Because of the different underlying water models, our 
results are not directly comparable to the IAM-based water 
scarcity CFs by Baustert et al. (2022). In contrast to the 
scenario-based projections of IAMs, our approach explores 
empirical forecasts that reflect the continuation of past 
dynamics, without embedding socio-economic pathways or 
policy assumptions. Nevertheless, similarities of ML-based 
and IAM-based projections were found on basin-level, with 
slightly decreasing or increasing water scarcity in many 
basins over an extended period.

Using synthetic data from projects such as the Inter-Sec-
toral Impact Model Intercomparison Project (Hempel et al., 
2013) or Coupled Model Intercomparison Project (Taylor 
et al., 2012) is a promising avenue to improve model per-
formance through inclusion of different covariate datasets 
that can enhance forecasting underlying variables to the 
AWARE factor. By exploring more data input configurations 
by following a similar approach as we did, more accurate 
predictions can likely be achieved. The methods presented 
in this paper could also be applied to other CF-datasets, for 
example land-use change, where local historical timeseries 
data are available or can be computed and potentially where 
IAM-based data is unavailable or too aggregated.

ML-based models can suffer from overfitting, that is, they 
may fit too closely to historical data from specific basins. 
To reduce this risk, a learning-rate monitor and early stop-
ping were implemented. Additionally, the NBeats algorithm 
was trained simultaneously on multiple basins from different 
regions to improve generalizability and prevent the model 
from overfitting to patterns specific to a single basin. Further 
research is needed to more accurately determine when over-
fitting begins and to identify the optimal number of training 
epochs to achieve a balance between performance and gen-
eralization. We chose a relatively short lookback-window, to 
avoid the likelihood of overfitting and save computational 
resources. In future research, this should be addressed and 
accuracy improved.

Complex machine learning models lack inherent trans-
parency and interpretability, acting as “black boxes”. To 
address this, so-called explainable ML techniques have 
been developed to improve trust in predictions and facili-
tate further model improvements (Yang et al., 2024). The 
NBeats architecture employed in this study, for example, 
is designed to produce interpretable outputs, contributing 
to the overall explainability of the forecasting process. We 
recommend future research to use these types of techniques 
to analyse trend and seasonality components of the model 
in more detail and track the response of model performance 
to input variables and parameters, during iterative model 
improvement. Through computationally expensive grid-
search operations, optimal hyperparameters can be found. 
We did not have the computational resources to conduct such 
operations in this study, but finding the best hyperparameters 
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will contribute to more accurate and robust results and is 
achievable with the used python libraries.

Long-term structural changes in water scarcity are 
often driven by factors not directly observable in historical 
AWARE time series. Policy interventions (e.g., water man-
agement regulations), technological adoption (e.g., improved 
irrigation efficiency), demographic transitions, or unprec-
edented climate events are examples of such factors. Without 
explicit covariates that capture these drivers, models like 
N-Beats cannot anticipate their effects on future water scar-
city patterns. For instance, a sudden policy change promot-
ing water conservation or the implementation of large-scale 
desalination projects would create structural breaks in water 
scarcity trends that are invisible to models trained only on 
historical AWARE values.

One of the main benefits of training deep neural network 
models is that they allow for transfer learning, meaning a 
pretrained model can be used to make predictions from pre-
viously unseen sets of historical data from the same domain 
as training data (Ehrig et al., 2024; Ye & Dai, 2021). Experts 
could prepare models for specific characterisation factors 
(CFs) or other relevant time series. These models can then 
be used by LCA-practitioners to generate prospective CFs 
for specific areas that they have local data for. Requirements 
of data preparation, however, need to be well documented to 
discuss errors and biases. Thorough documentation of these 
methodological assumptions that are not directly visible to 
practitioners, including choice of input variables and data 
transformation operations, will improve critical understand-
ing and consistent model deployment and development.

Our research also has implications for the development 
of characterisation factors in general, outside of ML based 
modelling. When creating the time series for training pur-
poses, we found that consumption-weighted world average 
of AMD (AMDwa) differed by about 30% between the base-
line year 2010 and 2011. Since AMDwa is the numerator in 
the Eq. (1), a 30% change in the numerator will also result 
in a 30% change in the AWARE-factor for individual basins, 
assuming the basin’s AMDi (denominator) remains constant, 
which was the case for most basins. These findings show 
that it is relevant to consider historical trends and longer 
time horizons.

In conclusion, we view ML-based time series forecasting 
as a potentially important tool for prospective LCA, because 
it allows researchers to utilize historical data to generate 
extrapolations into the future. In the context of characteri-
sation factors, the approach can facilitate prospective LCA 
studies as localised as the underlying time series data allows 
and help to sidestep IAMs. Since this study was a first explo-
ration of how to conduct an ML-based approach, we do not 
have conclusions on whether ML-based CFs are indeed a 
good alternative to IAM-based approaches. At this moment, 
they are not a standalone alternative to IAMs. While models 

like N-Beats excel at capturing seasonal patterns in water 
scarcity, they cannot reliably predict the long-term structural 
trends that matter most for prospective LCA. Although many 
ML-based approaches hold the promise of being easy to 
use, currently this is not the case. Specifically, the underly-
ing data and methods to calculate characterisation factors 
need to support time-explicit assessments, and more work 
is needed to understand exactly which combinations of tech-
niques and parameters yield the best results.

Supplementary Materials SM1:  This supporting information 
provides additional figures visualizing characteristics of the 
historical data of AWARE and the different ML-models 
trained on that historical data.

Supplementary Materials SM2:  This supporting information 
provides the code that was developed for this paper and files 
with the historical and forecasted AWARE-factor, as well as 
underlying code for the figures presented in the paper and 
supporting information S1. It is available at https://​doi.​org/​
10.​5281/​zenodo.​14262​678.
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