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Abstract

The intensifying effects of climate change on global water scarcity require ensuring reliable,
equitable, and sustainable water supply, with novel technologies becoming increasingly central
to adaptation. In this study, we develop projections of wastewater treatment and desalination
capacities and analyze their associated energy demand and CO; emissions. While technologically
mature and rapidly expanding, their future development remains underexamined as a risk of
maladaptation that stems from their high energy demand and potential emissions footprint. We
find that, compared to the present day, wastewater treatment and desalination capacities could
double and triple, respectively, by 2050, followed by scenario-dependent multi-fold increases in
energy demand and emissions. While the emissions footprint is non-negligible, it is only about a
half of the projected increases in key energy-intensive adaptation options such as air conditioning.
We find that water-stressed regions like Africa and South Asia, currently minor contributors to
global wastewater treatment and desalination capacity, are projected to become largest
producers of novel water in the second half of the century across the tested scenarios.
Wastewater treatment and desalination emerge from this analysis as indispensable yet imperfect
adaptation options, whose future contributions crucially depend on how their expansion is
embedded in broader water and energy systems.
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Introduction

Human-induced climate change is intensifying droughts and water scarcity across many regions,
posing significant threats to lives and livelihoods'2. Simultaneously, population and economic
growth and concentration into urban areas, coupled with rising water use per capita, contribute
to an increasing demand for water across the municipal, industrial and agricultural sectors.
Recent assessments indicate that half of the world’s population already faces severe climate- and
non-climate related water insecurity for at least one month per year®* Global population
exposed to “extreme-to-exceptional” water scarcity is projected to double by 2100 compared to
20003. The difference between limiting the global mean temperature increase to 1.5°C and higher
degrees of warming is particularly critical, with higher temperatures amplifying the frequency and
severity of water scarcity hotspots®. Beyond the direct reduction of water resources, excessive
water withdrawal and climate impacts can also damage critical infrastructure® and degrade water
quality’, further undermining water security®.

These trends underscore the urgent need for adaptation strategies that address both the direct
and indirect risks stemming from water scarcity and insecurity. In this context, wastewater
treatment (WWT) and desalination technologies emerge as solutions that could both enhance
water supply in the short term, promote longer-term water security by augmenting freshwater
availability, and enhance the resilience of affected communities and sectors by providing water
of suitable quality®*°. Non-conventional water sources produced by WWT and desalination are
often referred to as “novel” water sources. Furthermore, these technologies could be key for
reducing water pollution and alleviating freshwater scarcity globally - the targets of the
Sustainable Development Goal 6 on Clean water and sanitation'?.

Previous research has assessed the potential of the expansion desalination capacities, identifying
both the general areas and magnitudes of increased capacities'?, including more specific locations
of future desalination plants'?, estimating multi-fold increases in future production of water. We
build on this to shed light on the energy demand that may result from scaling up of WWT and
desalination in the future, as a means of adapting to water scarcity. Crucially, we assess the
potential maladaptation risks associated with scaling up of supply-side water technologies, which
may arise due to greenhouse gas emissions increases linked to the energy consumption of the
expanded capacities. Maladaptation refers to actions that may lead to increased risks of adverse
climate-related outcomes!*, which can manifest in various ways, such as by increasing
greenhouse gas emissions, increasing or shifting of vulnerability, creating new environmental
problems, reducing incentives to adapt otherwise, etc.’®. Here we focus on the risk of
maladaptation arising from the potential CO, emissions associated with increased energy
demands to power the new WWT and desalination capacities. Technologies that increase water
supply tend to be energy intensive, especially when done to an advanced level®®. If this energy is
supplied by non-renewable energy sources, scaling up of the technologies becomes another
source of greenhouse gas emissions!’/*8,

To this end, we first identify the determinants of the past trends in WWT and desalination plants
and combine them with scenario-underpinned data to project future growth of the two



technologies. We then assess the associated estimates of future energy use and finally emissions
in line with several mitigation scenarios. The analysis is done on the global level and across the
21 century. Our results show that the type and pace of technological expansion and the
underlying energy mix will fundamentally shape the benefits of adaptation and inadvertent
negative consequences.

Results

The results are shown either aggregated into 10 macro regions as defined by integrated
assessment models (IAMs) in the 6" Assessment Report of the IPCC (the list of countries within
each region can be seen in the Table SI9) or as global aggregates. We present results for SSP1,
SSP3 and SSP5. The set of scenarios in focus is based on the availability of projections from the
ISIMIP 3b round which are needed for aridity and water scarcity: SSP1-RCP2.6, SSP3-RCP7.0 and
SSP5-RCP8.5. For simplicity, we later refer to these as SSP1-Low Emissions, SSP3-High Emissions
and SSP5-Very High Emissions.

Historical trends

Globally, share of treated wastewater has increased from around 26% in 1995 to 68% in 2022
(FAO, 2025). The total volume of treated wastewater has increased 10 times over this period.
However, both the volumes and the pace of change differ widely between regions with Europe,
East Asia and North America having currently highest volumes and growth rates, followed by
Eurasia and Asia Pacific, Latin America and Middle East. Africa, South-, and South-East Asia
currently have the lowest volumes but still with relative improvements over the observed period
(see Fig. 1). Desalination volumes have increased by several orders of magnitude since 1980, to
over 120 million m3/day in 202024,

The patterns in the historical data were analyzed with a set of socioeconomic covariates (income,
governance, demographic shifts), with GDP per capita, population size, and urbanization
emerging as the key predictors. For both WWT and desalination estimates, a factor variable that
captures country-specific effects and patterns has also been included. The results of applying the
random forest model are shown in Table 1. The scores shown reflect the extent to which each
variable contributes to the model’s predictive accuracy.

Table 1: Random forest estimates for WWT

Variable %IncMSE IncNodePurity
GDP per capita | 61.7 659756.4
Log Population | 30.7 175502.7
Urbanization 23.4 267143.2
Country 25.1 142962.4

%IncMSE (% increase in MSE or accuracy) is a measure of permutation importance. It assessed
how much model accuracy decreases when the feature’s values are randomly shuffled. Higher



%IncMSE means the feature is crucial to prediction. IncNodePurity quantifies how much a
variable reduces node impurity (i.e., variance) across all trees in the forest. Higher scores indicate
higher importance.

The intensifying effects of climate change on global water scarcity require strategies to ensure
reliable, equitable, and sustainable water supply, with novel technologies becoming increasingly
central to adaptation strategies. In this study, we develop global projections of wastewater
treatment and desalination capacities and analyze their associated energy demand and CO;
emissions. While technologically mature and rapidly expanding, their future development
remains underexamined as a risk of maladaptation due to their high energy demand and potential
emissions footprint. We find that, compared to the present day, wastewater treatment and
desalination capacities could double and triple, respectively, by 2050, followed by scenario-
dependent multi-fold increases in energy demand and emissions. While the emissions footprint
is non-negligible, it is only about a half of the projected increases in other key energy-intensive
adaptation options such as air conditioning. We find that water-stressed regions like Africa and
South Asia, currently only minor contributors to the global wastewater treatment and
desalination capacity, are projected to become largest producers of novel water in the second
half of the century across the tested scenarios. Wastewater treatment and desalination emerge
from this analysis as indispensable yet imperfect adaptation options, whose future contributions
will crucially depend on how their expansion is powered and embedded in broader water and
energy systems.

Contrary to WWT, which should be an integral component of water management regardless of
water scarcity pressures3®, desalination is also a response to these pressures that produces novel
alternative water sources. For this reason, we included climatological (aridity) and water scarcity
(water gap) indicators to account for this source of desalination needs, in addition to a suite of
socioeconomic indicators, which are consistent with those that explain the WWT trends, although
to a different degree of importance. A key variable in the desalination model is the lagged value
of the desalination volumes, the inclusion of which substantially strengthens the model
performance.

Table 2:Random Forest estimates for desalination

Variable %IncMSE2 | IncNodePurity?
Lag desalination per | 63.8 2048.8

capita

Log GDP per capita 27.9 567.2

Aridity 25.4 529.3

Log Population 22.1 228.9
Urbanization 21.6 400.1

Log Water Gap 21.2 135.3

Country 19.3 108.2




Projections of volumes
[Fig. 1 about here]

Fig. 1 shows the current regional distribution of the WWT capacity and projections for future
capacity expansion. Regions such as Europe, East Asia and North America have the highest
existing WWT capacities as well as robust projected growth, reflecting their already advanced
treatment infrastructure and higher GDP levels. These regions show distinct scenario-driven
patternsin that, in the second half of the century, their capacities are highest in the SSP3 scenario,
due to continued population growth in these regions and a relatively high income. In scenarios
SSP1 and SSP5, driven by population shrinking populations, volumes of treated wastewater
substantially decrease after mid-century for almost all regions, and for Europe and North America,
they return to close to today’s levels. Current capacities are lowest in Africa, South and South-
East Asia, but are projected to climb and become globally highest in the second half of the
century, owing to continued population growth, accompanied by economic development and
urbanization.

[Fig. 2 about here]

Desalination capacity (Fig. 2), on the other hand, are globally highest in the Middle East, followed
by East Asia and North America. All other regions have smaller current volumes but for most cases
rapid projected growth, driven by a combination of climate-related and socioeconomic pressures.
As is the case with volumes of WWT, Africa and South Asia are projected to develop globally
highest desalination capacities, also because of growing demand from growing population,
urbanization and increased economic activity. The climate fingerprint in terms of future water
scarcity, which would demand higher desalination capacities is not obvious — the difference in
desalination capacity between scenarios SSP1-Low Emissions and SSP5-Very High Emissions is
relatively small and does show substantial sensitivity to the climate conditions. In other words,
an increase in projected desalination capacity is attributable largely to changing socioeconomic
conditions. This is consistent with previous research?2.

Projections of energy demand

[Fig. 3 about here]

Current energy demand for WWT (Fig. 3) is about 170 (70-270) TWh/year. In scenarios SSP1 and
5, energy demand roughly triples to 540 (230-850) and 575 (240-910) TWh/year respectively and
then decreases to about 600 TWh/year by 2100. In SSP3, it roughly doubles to 360 (150-560)
TWh/year and reaches also about 600 TWh/year at the end of the century. Because of the
sensitivity of the energy demand to the level and type of treatment, we tested alternative GDP
per capita thresholds used to classify treatments levels. Shifting the boundaries between primary,
secondary and advanced treatment downward relative to the base alters global WWT energy
demand in 2050 between —13% and +12%, depending on the scenario (see Table S3). All three
sets of thresholds, however, show the same qualitative picture: energy demand grows



substantially under all scenarios, but the primary source of uncertainty remains the energy
intensity ranges, rather than the choice of threshold.

[Fig. 4 about here]

For desalination (Fig. 4), because of large differences in energy use between distillation-based,
electrochemical and membrane-based technologies, energy demand profiles are more nuanced
between scenarios. In SSP1, due to membrane-based technologies becoming the dominant
desalination technology, energy demand peaks around 2085 when the current energy demand is
tripled. For SSP3, which globally has roughly equal proportions of membrane-based and
distillation-based technologies, as well as continued presence of electrochemical technologies,
demand for energy surpasses that of SSP1 around 2070 and continues to grow to around 800
TWh/year. In SSP5, which is a scenario of continued fossil fuel use, energy demand grows rapidly
and increases more than 5 times from the current estimate of just over 250 TWh/year.

To test the sensitivity of the projections to the assumptions on the technology mix, we construct
two additional scenarios based on acceleration of historical rates, reflecting potentially more
aggressive shifts towards membrane-based technologies (see Tables S4 and S5). Because of
substantial differences in the energy intensity between membrane-based and distillation-based
technologies, the assumptions on future technological development are consequential for energy
demand projections. For example, shifting from 60% to 75% of membrane-based technologies
globally reduces the energy demand by 30%. This is most pronounced for the projections under
scenario SSP5, where assumptions on continued fossil fuel use inherent in the scenario narrative
are consistent with continued reliance on distillation-based desalination. However, this is again
secondary to grid decarbonization and climate policy which ultimately determine the emissions
from the expansion of desalination capacities.

Projections of emissions
[Fig. 5 about here]

Global emissions trajectories of WWT are shown in Fig. 5. Scenarios start to diverge after 2030,
but trajectories under SSP3-High Emissions and SSP5-High Emissions largely overlap throughout
the century, although with different trends. In SSP5-High Emissions, emissions from WWT peak
around 2060 and decline to around 0.15 GtCO,/year at the end of the century (compared to 0.10
GtCOy/year currently). For SSP3-High Emissions, emissions are steadily rising and stabilizing
around the end of the century. This is due to a steady increase in the volumes of treated
wastewater which are in turn driven by the growing global population and their water
consumption. However, the emissions footprint under SSP1-Low Emissions becomes neutral after
2055, assuming the attainment of net zero emissions policy objectives.

[Fig. 6 about here]



For desalination, the emissions trajectories shown in Fig. 6 display a different picture, especially
with respect to the difference between SSP3-High Emissions and SSP5-Very High Emissions
scenarios, which diverge to a larger extent than is the case for WWT. However, due to similar
dynamics as for WWT, related to population- and economic activity-driven demand for
desalinated water, in SSP5-Very High Emissions, emissions peak around the year 2070 at around
0.55 GtCO,/year, but they decrease only to around 0.40 GtCO,/year later in the century, which is
still twice the current levels. In SSP3-High Emissions, emissions steadily rise to around 0.25
GtCOy/year in 2100. For SSP1-Low Emissions, like the pattern for WWT, emissions become neutral
after 2055.

Discussion

Fig. 7 displays a direct comparison of the key estimates and combined results for WWT and
desalination in terms of treated volume, energy consumption and CO; emissions, highlighting the
difference in energy intensity between the two technologies, whereby WWT produces almost 7
times as much water for the same amount of energy (and emissions). This, however, is to be
interpreted with caution as the quality and usability of water might not be entirely substitutable
between the two technologies!’. However, in terms of the assessment of maladaptation, this
indicates that desalination is substantially more at risk of being maladaptive.

However, compared with, for example, air conditioning, which is another rapidly expanding
technology and is a key response to climate change induced heat stress, whose energy demand
is projected to reach between 1100-1600 TWh/year®’, these two key water technologies are
projected to demand only about half of that. WWT is projected to demand 350-500 TWh and
desalination 280-700 TWh/year. However, in both cases, the analysis in this study underscores
the importance of decarbonizing energy inputs to maximize sustainable development and avoid
maladaptative characteristics of these technologies.

It is important to highlight that environmental concerns of WWT and desalination extend beyond
emissions alone. WWT entails additional risks, primarily when treatment processes are
insufficient, resulting in water that still carries pathogens or contaminants 3%3°, thereby posing
health hazards and environmental threats if reused or discharged. Desalination, particularly
seawater plants, results in brine production that can adversely affect marine ecosystems if not
managed properly %41, Similarly, inland plants pose risks to terrestrial environments. However,
here lies also an opportunity for circular economy approaches that could create value streams
from byproducts such as brine. Expanding water supply with the use of (novel) technologies could
reduce incentives to improve water use efficiency*?>*3. Finally, if the novel water sources are
poorly governed, benefits of large-scale water infrastructure could be inequitably distributed,
further exacerbating vulnerabilities of already disproportionately impacted populations and/or
ecosystems?344,



Alongside environmental concerns, justice-oriented questions relating to the ownership and
commodification of water resources warrant attention. For desalination, expanding capacities
without adequate governance frameworks that ensure equitable access to water may exacerbate
existing inequalities or introduce new ones. Introduction of new or shifting of existing
vulnerabilities is also a key feature of maladaptation®.

There are several sources of uncertainty embedded in this type of forward-looking estimation
that relies on multiple modelled types of data, in addition to own modelled projections. The first
is the scenario-related uncertainty, reflected in the spread between SSP1-RCP2.6, SSP3-RCP7.0,
and SSP5-RCP8.5 (which we also referred to as Low, High and Very High Emissions), shown
throughout the analysis. It should be noted that these scenarios combine both climate warming
and socioeconomic change. The second is the random forest model uncertainty, which we
characterize by several test metrics which indicate the predictive uncertainty. One issue worth
noting here pertains to future projections near the underlying drivers’ extremes, which may be
conservative because tree models cannot extrapolate smoothly beyond the observed predictor
space. That is especially important for Africa and South Asia. The third type of uncertainty arises
from the energy intensity assessments!®. The fourth source of uncertainty stems from the
technology mix uncertainty, relevant both for the wastewater treatment and desalination. Finally,
there are uncertainties pertaining to the emissions factors of electricity generation. In the present
study, we draw on the estimates from the MESSAGE IAM, but considering additional IAMs would
introduce a wider range of uncertainty, which could be explored in future studies. To provide an
overview of key uncertainties across scenarios, we provide a comparison (see Table S6) of the
global totals for desalination and wastewater treatment volumes, energy demand and CO2
emissions in 2050 and 2100, under the three scenarios.

A limitation of current assessments is the lack of consideration for how climate hazards and
impacts, such as sea level rise, rising temperatures and salinity shifts, may affect operational
capacities and efficiency of plants over time“®. Infrastructure for both WWT and desalination may
prove vulnerable to such changes, potentially undermining the effectiveness as long-term
adaptation strategies*’. This is especially pertinent for a scenario combination like SSP5-Very High
Emissions, which assumes unprecedented levels of socioeconomic development in an
unprecedented climate. This highlights both the need for methodological advances that integrate
impacts directly in models such as integrated assessment models and in practical planning for
resilient infrastructure. In a similar vein, our analysis does not account for potential reduction in
effectiveness of water-related adaptation at higher levels of global warming*¢. However, we also
do not account for potential efficiency improvements that may come through innovation.

Another consideration and an avenue for future work is that the scenario set used in this analysis
does not encompass overshoot pathways to capture the situation in which emissions temporarily
exceed those compatible with the temperature limits set by the Paris Agreement but return to
them in the long run. Overshoot scenarios entail large-scale carbon dioxide removal which is



expected to have substantial effects on water demand*?, all the while the effects of temperature
overshoot on hydrology and water resources more generally are only starting to be understood®°.

There are several potential policy implications from the estimates from this analysis. For example,
where WWT levels are low while population growth is high (e.g., in Sub-Saharan Africa and South
Asia), investments in wastewater treatment capacities could deliver the greatest benefits without
a substantial additional strain on the energy system. Another key insight is that, in regions like the
Middle East, which already operate large thermal desalination capacities, new capacity additions
in scenarios like SSP3-High Emissions or SSP5-Very High Emissions could risk locking in additional
high-emission infrastructure for the next decades. This is especially the case in situations where
the grid is slow to decarbonize, as is projected in the scenario combinations shown. On the
international policy level, it is important to highlight the equity implications of the differential
abilities to finance desalination or advanced water treatment technologies. Regions with the
greatest projected clean water scarcity increase, primarily Africa and South Asia, are those with
the least financial capacity, which could become another core maladaptation tension.

In conclusion, WWT and desalination emerge from this analysis as indispensable yet imperfect
options for adapting to water scarcity, whose future contributions will crucially depend on how
their expansion is powered and embedded in broader water and energy systems. While their
projected energy use remains lower than that of rapidly growing cooling demand, reliance on
carbon-intensive power poses a substantial maladaptation risk. Beyond the scope of this analysis
are other sources of maladaptation risk such as insufficient treatment and brine management,
and inequitable access, ecosystem damage and new social vulnerabilities. At the same time,
integrated analyses with climate impact drivers and impacts such as sea level rise, warming, and
salinity shifts can show when and where these technologies may lose effectiveness or require
scaling up, particularly under high warming or overshoot pathways where hydrological change is
increasingly nonlinear. Advancing low-carbon energy supply, circular economy uses of
byproducts, robust governance that prioritizes justice and affordability, and impact-aware
modelling of water will determine whether WWT and desalination could ultimately deliver
durable water security rather than temporary fixes that exacerbate the very risks they seek to
address.

Methods

We follow four analytical steps for both technologies: 1) Analyze historical trends of wastewater
treatment and desalination and identify key explanatory factors; 2) Use estimates of the analysis
of historical trends to calibrate projections of future volumes; 3) Calculate energy demands by
combining projections of volumes with energy use coefficients and 4) Estimate CO, emissions
using emissions intensity coefficients from pathways derived from an integrated assessment
model.

In step 1), historical trends of wastewater treatment and desalination are analyzed using random
forest regression models, an ensemble learning method that constructs multiple decision trees



and aggregates their predictions to enhance accuracy and robustness!® Random forest models
can model complex and potentially nonlinear interactions between variables, which other types
of regression approaches may miss if the relationships are not specifically parametrized.
Additionally, they generally yield higher predictive accuracy compared to more classical
regressions?%?!, Specifically for desalination, Ai et al. (2022) compared four modelling strategies
(generalized linear model (GLM), generalized additive model (GAM), random forest (RF) and
generalized boosted regression model (GBM)) to estimate the spatial distribution of seawater
desalination plants and found random forest to perform best across several evaluation metrics.
In this analysis, we build on their findings and estimate random forest models, with the key
difference that in this paper we use country level data and test for a wider set of predictors
spanning socioeconomic and climatic variables and lags.

We use automated model selection to arrive at the most parsimonious set of predictors. We use
variable importance based on permutation (see Tables 2 and 3 for results for WWT and
desalination, respectively). To assess whether the historical random forest model can be used for
forward-looking projections, the panel was split in time, training the model on about 80% of the
observations and reserving the subsequent years as a test set. For the training period, the model
was re-estimated with the same specification as the main analysis, and predictions were
generated for the held-out years. Predictive performance was evaluated using R? measure of
variance, mean absolute error (MAE) and root mean squared error (RMSE) (see Table S1). The
error magnitudes obtained using the test and the training data are of similar order, and a random
sample of country-specific time series show that the model closely tracks the direction and the
size of changes in desalination capacity over time (see Fig. S1 and S2). Taken together, these
diagnostics suggest that the historical models capture the dominant relationships in the data well
enough to support using it for scenario-based extrapolations.

Calibrated on the estimates of random forest models, internally consistent projections of future
trends of WWT and desalination were applied on existing projections of the relevant covariates
(such as GDP, population, urbanization), using the predict function form the R package
randomForest.

The data used for the dependent variables and covariates and their sources are listed in Table 1.

Table 3: Indicators and data sources

Indicator Historical data sources Projected data sources
Treated wastewater FAO (2024); Ehalt-Macedo et al. (2022) | Projected in this study
volume per capita 22,23

Desalination volume per | Global Water Intelligence (2023)%* Projected in this study
capita

Gross Domestic Product OECD (2023)» Dellink et al. (2022)%
(GDP) per capita

Population size KC et al. (2024)* KC et al. (2024)%
Urbanization rates UNDESA (2023)% Jiang (2024) #°

Aridity ERAS5 Global Reanalysis *° ISIMIP3b3?




Water gap National Geographic / Droppers and National Geographic /
Wanders (2023)3 Droppers and Wanders
(2023)*

Projected volumes were multiplied by energy use coefficients estimated in*® to derive energy
demand projections. They were estimated using coefficients of electrical energy calculated per
technology. Energy needed for WWT depends on the volumes and quality of the incoming
water3334 and the level of treatment (primary, secondary, advanced). To assess the overall energy
consumption, ref.?® built a model routing wastewater production to WWT plants using 5 arcmin
treated wastewater volumes and population maps globally. For desalination, energy consumption
is estimated for more than 19000 plants worldwide that use one of the four main technologies.
The energy consumption of membrane technologies depends on the feedwater salinity, while
energy consumed for distillation is constant across feedwaters3>. Specifically for reverse osmosis,
energy efficiency is modelled with an exponential decay curve and linearly scaled with salinity.
For further details of the approach, see’®.

Finally, electricity supply CO, emissions were estimated by multiplying energy demands with
emissions intensity coefficients per unit of electricity supply. Regional emissions intensity
coefficients were derived from different SSP-based scenarios from the MESSAGE IAM, indicating
different speeds of electricity sector transition.

Additional assumptions for projections of wastewater treatment

Both the capacity and treatment levels of WWT vary drastically between countries. In ref.?3, the
treatment level is categorized as advanced, secondary and primary. The relationship between
volumes, treatment level and GDP is exponential (see Fig. S3), which is accounted for in the
projections where we assume that a country’s capacity will be dominated by the level of
treatment defined by GDP thresholds. Fig. S3 presents the distribution of treatment levels
(primary, secondary and advanced) across countries binned by GDP per capita, using
observational data from AQUASTAT and the World Bank. This figure demonstrates clear
clustering: the data show that countries with GDP per capita lower than 3,700 USD predominantly
employ primary treatment, countries with GDP per capita between 3,700 and 20,000 USD are
concentrated around secondary treatment and high-income countries with GDP per capita higher
than 20,000 USD predominantly use advanced processes. These threshold values were derived
from these observed breakpoints in the data and used as approximate GDP levels at which most
countries transition from one treatment category to the next. To assess the sensitivity of the
projections to the choice of GDP per capita thresholds, we tested two additional sets of thresholds
spanning an uncertainty range (see Table S3).

Additional assumptions for desalination projections

Globally, desalination technology mix underwent substantial changes over time (see Fig. S5),
moving from the dominance of energy intensive distillation-based options towards significantly
more efficient membrane-based technologies. Current technology mixes vary across regions, with



the Middle East region hosting more than 30% of the global production while having a unique
technology profile, in that more than half of its production is done with distillation-based
technologies. For future projections, we define technology development trajectories in line with
the SSP narratives, (see Table S4). The SSP-specific assumptions are grounded in historical trends
in which membrane-based technologies have been growing by about 0.5 percentage points per
year over the past four decades. In relation to this anchor, assumptions are adjusted upwards or
downwards for each scenario, following the narratives on technological development, the use of
fossil fuels, regional cooperation, etc. Specifically, in SSP1, the scenario of progress towards
sustainability and equity, membrane-based technologies dominate desalination capacities
globally, with distillation-based and electrochemical technologies having a minor share. This
trajectory exceeds the historical rate, reflecting accelerated progress towards more efficient
technologies. In SSP3, the scenario of regional divergence and weak international cooperation,
advanced technologies become dominant in high-income countries by mid-century and attain
lower levels in low- and middle-income countries. This reflects capital constraints, fossil fuel
reliance, and fragmented technology management. In SSP5, where continued use of fossil fuels
is envisaged, distillation-based technologies, which are more energy intensive and typically
located near thermal fossil fuel plants, still represent around 30% of the capacity globally. To
quantify the sensitivity of global desalination energy demand to the uncertainty in the technology
mix, we construct two additional scenarios of more aggressive membrane-based technology
deployment (driven, for example, by strong climate and technology policy) (see Table S5).

Data availability

The data and the code underlying this analysis are available on Zenodo:
10.5281/zeno0do.20814774 . However, historical desalination data is proprietary and not available
in its original form as part of this repository.
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Figure captions

Figure 1: Historical and projected WWT volumes. Regional (a) and global (b) wastewater treatment volumes
(km3/year) from historical observations (~*2000-2020) and projections through 2100 under SSP1 (teal), SSP3
(orange), and SSP5 (purple) scenarios.

Figure 2: Historical and projected desalination volumes. Regional (a) and global (b) desalination volumes
(km3/year) from historical observations (~*2000-2020) and projections through 2100 under SSP1-Low Emissions
(teal), SSP3-High Emissions (orange), and SSP5-Very High Emissions (purple) scenarios.

Figure 3: Global energy demand for wastewater treatment. The data is shown in TWh/year, from historical
observations (pre-2025) and projections through 2100 under three SSP scenarios (SSP1 in teal; SSP3 in orange and
SSP5 in purple), with uncertainty ranges shown as error bars.

Figure 4: Global energy demand for desalination by technology. The data is shown in TWh/year, from historical
observations (pre-2025) and projections through 2100 under three scenario combinations (SSP1-Low Emissions in
teal; SSP3-High Emissions in orange and SSP5-Very High Emissions in purple), with uncertainty ranges shown as
error bars.

Figure 5: Global CO, emissions from WWT. Projected total CO, emissions (GtCO,/year) from water treatment
technologies under three climate scenarios (SSP1-Low (teal), SSP3-High (orange), and SSP5-Very High Emissions
(purple)) from 2025 to 2100, with uncertainty ranges shown as shaded bands.

Figure 6: Global CO, emissions from desalination. Projected total CO, emissions (GtCO,/year) from desalination
under three climate scenarios (SSP1-Low (teal), SSP3-High (orange), and SSP5-Very High Emissions (purple)) from
2025 to 2100, with uncertainty ranges shown as shaded bands.

Figure 7: Combined WWT and desalination projections of volumes, energy demand and emissions. Projected
global volume (km3/year), energy demand (TWh/year), and CO, emissions (GtCO,/year) from desalination (dark
green) and wastewater treatment (light green) under three scenario combinations (SSP1-Low, SSP3-High, and SSP5-
Very High Emissions) from 2025 to 2100.
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