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Abstract

The use of water in the domestic, agricultural, and industrial sectors is necessary for human prosperity
and survival. Recognizing the need to understand water scarcity and human contributions to it, various
studies have been done over the years, necessitating access to reliable, comprehensive data on histori-
cal and projected water use across all sectors. Despite progress in this direction, a significant challenge
persists in finding datasets that maintain consistency at both national and subnational levels at the inter-
section between historical and future projections. This inconsistency is likely attributed to factors such as
discordant socio-economical data at the transition between historical and future periods (e.g., GDP, pop-
ulation dynamics, livestock density, land use) and the independent creation of past and scenario datasets
without concerted efforts for harmonization. Addressing these issues, this study presents a first holistic
approach to harmonize two existing water use datasets across all sectors, encompassing both past and
projected periods. The methodology and insights gained from this process are discussed, highlighting the
achievement of a fully consistent dataset. The harmonized dataset offers utility for a broad spectrum of
applications at the interface between humans, water, and climate.

Keywords: sectoral water use; data harmonization; 12
1. Introduction 13
Water is fundamental to sustaining life and facilitating human prosperity, serving a multitude of ap- 1

plications that range from domestic needs, such as drinking, sanitation, and cooking, to agricultural, s
industrial, and environmental functions. These include livestock water needs, electricity production 1
through cooling power plants, manufacturing of various goods, mining, irrigation, and maintaining 1
environmental flow requirements. As such, efficient management and utilization of water resources 1
are essential to ensure human health and the continued development of societies around the world. 1

However, the stark reality is that more than 4 billion people are currently grappling with water 2
scarcity [1], a crisis driven by a complex interplay of factors. These factors include limited water =«

availability in certain regions [2], increased demands fueled by population growth, urbanization,and 2
higher standards of living [3], inefficient water usage and management practices, inadequate infras- 2

tructure, water pollution [4, 5], and significant changes in the hydrological cycle due to changes 2

in land use [6] and excessive extraction of water resources beyond their renewable capacity [7, 8].

Moreover, the advent of climate change introduces additional complexities, manifested in increased
evapotranspiration, altered precipitation patterns, and more frequent and severe hot and dry ex- =

tremes [9, 10, 11, 12, 13, 14]. These changes are expected to exacerbate the already challenging task 2
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of ensuring the water supply worldwide.

The modern understanding of the global human-water-climate dynamics is significantly relying on
the use of Global Hydrological and Earth System Models (GHMs and ESMs respectively) [14]. These
models are equipped to accurately represent the entire water cycle, capturing the dynamics of water
balance in various bodies of water and encompassing essential processes such as runoff, evapotran-
spiration, changes in snow cover and infiltration. These models also integrate human-related water
management practices, including reservoir operations [15, 16], water abstractions [17, 18, 19, 20,

21, 22], pollution [23, 24], and the exploration of alternative water sources such as desalination and
wastewater reuse [25, 4].

Based on GHM/ESM simulations, we are able to expand our understanding of topics related to water
scarcity and available adaptation options. Some notable applications include understanding the role
of human impacts in generating water scarcity [26, 27], the balance between environmental and

human needs [28], national and regional evaluations of water availability and stress [29, 30], future
sustainability in various scenarios [31], or analysis of feasibility and impact of different adaptation
measures [32, 33, 34]. It was also shown that considering human-related impacts, including land
use change, reservoir operations and water abstractions results in a general performance increase

of GHMs to represent streamflow and hydrological extremes [35].

In this context, the importance of accurately representing human-related forcings in the water cycle
becomes apparent. More specifically, this study emphasizes the need for reliable sectoral data on
water use. Although previous research has indicated potential discrepancies between modeled sec-
toral water use and actual national or sub-national patterns [36], our focus is on the consistency of
this data across spatial and temporal scales, particularly between historical and future projections.
A key challenge identified is the mismatch in time-series data at the national and gridcell levels,
often manifesting as abrupt shifts at the transition points between past and future periods. This
issue primarily arises from the reliance on predictors such as GDP, population density, and land use
changes, which may be inconsistent at the historical to future transition (see Appendix), as well as
the independent creation of past and projections datasets without harmonization efforts.

Given that sectoral water use data play an important role in GHMs/ESMs and subsequent analyzes,
such spatial and temporal inconsistencies could significantly affect the validity of assessments de-
rived from these models. The abrupt changes in national and sub-national water use statistics po-
tentially compromise the reliability of indices that evaluate historical versus future periods, possibly
obscuring or generating misleading signals.

To address these critical gaps, this article has two primary objectives: (i) to propose a harmoniza-
tion strategy for the existing generation of water use datasets to enhance their utility for research
and modeling applications, and (ii) to discuss potential solutions to prevent these discrepancies in
future datasets. By directly addressing these challenges, this study aims to contribute to the field of
water management and sustainability, providing actionable insights to researchers, modelers, and
stakeholders involved in global efforts to alleviate water scarcity.

2. Methods

2.1 Historical water use data

Historical data on sectoral withdrawal and consumption is sourced from Huang et al. (2018) [37]

(Table 1). This dataset represents a historical reconstruction, which is generated by combining the
US Geological Survey (USGS) and the Liu et al. (2016) [38] improved Food and Agriculture Organi-

zation of the United Nations (FAO) AQUASTAT dataset on sectoral water use. It covers the period
1971-2010, and it is available on a regular 0.5x0.5 grid and monthly frequency. The represented
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sectors are domestic, livestock, thermoelectric, manufacturing, mining, and irrigation.

To obtain the final monthly gridded dataset, Huang et al. (2018) used a three-step approach, involving
spatially downscaling the original country (or state) level data to the 0.5x0.5 grid level, followed by
linear interpolation on the individual grid cells’ time-series to get annual sectoral withdrawal from
the 5-year interval from reports, and ultimately, using a sector-dependent temporal downscaling
procedure to go from annual to monthly frequency. The only exception is the irrigation sector,
for which a combination of model simulations and national reported values was used. In this case,
the simulated irrigation withdrawals of 4 GHMs (WaterGAP, LPJmL, H08, and PCR-GLOBWB) for
the historical period were scaled using available national reported statistics, while maintaining the
original GHMs subnational patterns of irrigation abstractions [37]. Instead of using the 4 original
irrigation withdrawal datasets, we calculated their ensemble mean, and used it as the target for the
harmonization. Although originally the dataset contains also sectoral consumption, in this study we
make use only of the withdrawal data.

For spatial downscaling, Huang et al. (2018) used global population density maps from the History
Database of the Global Environment (HYDE; 1970-1980) and Gridded Population of the World (GPW;
1990-2010) for the domestic, thermoelectric, manufacturing, and mining sectors, while using 2005
FAO global livestock density maps for the livestock sector, following the approach of Hejazi et al.
(2014) [39]. A uniform distribution is adopted for the temporal downscaling of water withdrawal of

livestock, mining, and manufacturing. For the domestic sector, a temporal downscaling based on the
approach of Wada et al. (2011) [40] is used, where a modulating function is applied based on each

grid cell’s historical temperature ranges and a region-dependent amplitude parameter R [37]. Finally,

thermoelectric water withdrawal is temporally downscaled using the assumption that thermoelectric
water use is proportional to generated electricity, which is then estimated using heating degree-days
(HDD) and cooling degree-days (CDD) as proxies [41, 42]. The temporal downscaling algorithms,

for both the domestic and the thermoelectric sectors, were validated and calibrated based on existing
observations [37].

The main reason why we selected this dataset to represent the historical period is because it was
primarily derived from existing observation/reported data, and its separation of the industrial sector
in manufacturing, thermoelectric, and mining sectors offers more research opportunities as each
sector have their own role and socio-economic value provided [43].

2.2 Future water use data

Future data on sectoral water use was sourced from Khan et al., 2023 [44] (Table 1). This dataset

represents a large collection of future water use scenarios. In total, 75 possible scenarios are pro-
vided, consisting of a combination of 4 Representative Concentration Pathways (RCPs) [45], 5 Shared
Socioeconomic Pathways (SSPs) [46], and 5 Global Climate Models (GCMs) from the Inter-sectoral

Impact Model Intercomparison Project (ISIMIP) protocol 2b [47]. Sectoral withdrawal and consump-

tion data are available on a global 0.5x0.5 grid, at a monthly frequency, and cover the period 2010 to
2100. To generate the data, the authors combined the Global Change Analysis Model (GCAM) with
a spatial downscaling model of land use (Demeter), a global hydrological framework (Xanthos) and
a downscaling package (Tethys) [48, 44]. In this study, we present the results for a subset of eight

scenarios, as described in Table 1 to showcase the added value of the harmonization process.

This dataset was selected for the future period, because it covers the same sectors as the historical
reconstruction of Huang et al. 2018 [37, 44]. In addition, there are significant similarities in the spatial

and temporal downscaling approaches between the two studies. In particular, both studies have
identical temporal downscaling approaches for all sectors except irrigation [37, 44]. For irrigation,

Huang et al. 2018 provides 4 different reconstructions of historical irrigation abstractions based on
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Table 1. Water use data used in this study.

Source Water Use Types |Sectors Spatial Scope | Temporal Scope |Scenarios
- Domestic
- Livestock
- Electric - Global -1971-2010
Huang et al., 2018 |- Withdrawals - Manufacturing . Historical
- - 0.5deg gridded |- Monthly
- Mining
- Irrigation (ensemble mean of
the 4 available models)
- Domestic
- Livestock Fl;tg:z
Khanetal., 2023 |- Withdrawals | agm;cturmg ] f?dbfg' aridded |- i;)ir?t'hzéoo - RCP2.6, RCP6.0
- Mining - 4 CMIP5 GCMs (GFDL,
LS HADGEM, IPSL, MIROC)
- Irrigation

the method described earlier (Sect. 2.1), which leads to each reconstruction maintaining the monthly
weights representative of the corresponding GHMs. Although we calculated the ensemble mean for
these four models, it is likely that the temporal weights still differ significantly. For example, the
temporal downscaling of future irrigation abstractions uses the monthly weights of a single model
(PCR-GLOBWB), averaged over the period 1971-2010 [44].

For spatial downscaling of non-agricultural sectors (domestic, electricity, manufacturing, and min-
ing), both studies use the same underlying population map to downscale water use [37, 44]. In the
case of livestock, the spatial downscaling is based on the same version of the 2005 livestock density
map [49], but the studies apply different methods to account for individual livestock types [50, 37,
44]. Finally, the spatial downscaling for irrigation differs considerably between the two datasets. In
the historical dataset, the four irrigation reconstructions preserve the spatial structure of the original
GHMs (Section 271) although in our case, this structure is modified by calculating the mean of the
ensemble. In contrast, in the future dataset, irrigation downscaling is performed using the spatial
breakdown provided by Demeter, a high-resolution downscaling model that uses GCAM output to
calculate global gridded land-use change [51, 44].

2.3 National level time-series continuity

When analyzing historical national statistics for socioeconomic variables such as population, GDP,
or sectoral water use, significant fluctuations and discontinuities are not uncommon. These varia-
tions can be attributed to factors such as economic booms or crashes, population displacement or
loss due to war, or changes in data collection and reporting methods. In contrast, future projections
typically exhibit smoother trends, with potential shifts occurring over time, but without the abrupt
changes seen in historical data.

When conducting national assessments, one critical criterion for socioeconomic data is the conti-
nuity of the time-series at the transition between historical and future periods. This continuity is
essential for accurately analyzing temporal trends in both relative and absolute terms. However,
achieving continuous time-series for all countries globally, especially in complex models such as
those used in sectoral water use data (see Sections 2.1-2.2), presents a significant challenge.

An approach to ensure continuity is to generate both historical and future data through a single
continuous simulation that spans both periods. However, this strategy requires that the predictor
inputs are also continuous. The drawback of this approach is that even with optimal model tun-
ing, the historical outputs may not fully align with documented statistics. If strict alignment with
historical data is required, a bias-correction of the historical results may be necessary. Although

120

121

122

123

124

125

126

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151


https://orcid.org/0000-0002-3885-9318

EarthArXiv 5

this is feasible, it may not yield the best results, as documented statistics often contain signi caat
uctuations and discontinuities that would be di cult to replicate in a global model. Therefore, thisiss
approach is most suitable when historical data are sparse or unreliable. 154

The second approach, and the one applied in this study, is to combine documented statisticssfor
the historical period and future projections based on available models. In this case, the primasy
focus is on the quality of future scenarios and the trends they re ect. However, this method may
result in discontinuities at the transition between historical and projected periods. To address this,
a harmonization procedure is necessary to ensure continuity. 159

In this study, we aggregate sectoral water use data at the national level (or at the state level for #he
U.S.) for each sector and verify the continuity of the time-series at the transition between historical
and projected periods. A harmonization procedure is then applied, tailored to the speci c properties
of each sector and dataset. 163

2.4 Spatial consistency 164

Beyond the national scale, one could argue that maintaining time-series continuity should also ex-
tend to grid cell levels, at least in certain cases. The rationale for this is similar to the need far
continuity at the national level. 167

For example, in the case of sectoral water use, the key predictors for projections or spatial downsgal-
ing include socioeconomic data such as population density, livestock density, thermoelectric power
plant locations, land use patterns, nighttime lights, and more. Although for the historical periody
it is more common to consider within-country population displacements (e.g., due to oods), the
construction of reservoirs or thermoelectric plants at certain moments in time, and other events
that can introduce uctuations at the gridcell level, such time-discrete features are less frequentty
incorporated into future scenarios. 174

Given this, we would expect that any uctuations in gridcell time-series during the transition yeat:s
would generally be consistent with those observed in subsequent years. If this is not the case and
a signi cant change occurs at the transition, this could indicate spatial inconsistencies within the
dataset. These inconsistencies may stem from uncoordinated or inconsistent predictor data (e, a
high population concentration in one grid during the historical period that shifts to a neighboring.
grid in the future predictor dataset, see Appendix) or from di erences in downscaling methodologies.

However, if pronounced spatial inconsistencies are detected, they should be addressed. This isgar-
ticularly important because research often presents results at the gridcell level using gridded maps:or
computes indices at this level before aggregating them to larger scales. Systematic spatial inconsis-
tencies in the datasets could lead to arti cial dampening or ampli cation of signals when comparing

historical and future states. 185
2.5 Harmonization algorithm 186
2.5.1 De ne the main issues 187

To design the harmonization algorithm, it is important to rst understand the types of issues thats
can arise in the data we intend to use. By analyzing the continuity of national-level time series (Fig.
1), we identi ed two primary issues: 19

~ Discontinuities in mean annual values at the transition year. 191

~ Abrupt changes in seasonality at the transition year, characterized by sudden increases or.de-
creases in amplitude. Here, we de ne seasonality as the di erence between the minimum and
maximum values recorded within a given year. 194
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Figure 1. Original domestic withdrawal time-series aggregated at national level. For this example, future data is based on
the SSP2-RCP2.6-GFDL scenario.

From a spatial perspective, we examined the relative change in sectoral water withdrawal between
consecutive years (Fig. 2). This analysis revealed that many regions experience a sudden drap or
a spike at the transition year (2010 2011). Based on this gure alone, it is di cult to determiney
whether these changes are solely due to the misalignment of national time-series or if di erences
in the downscaling techniques also contribute. This issue will be explored in greater detail in the

Results and Discussion sections. 200
2.5.2 Outline the requirements for the algorithm 201
Considering the identi ed issues and the diverse range of sectors and their speci ¢ characteristics,
we need to develop a harmonization algorithm with the following capabilities: 203

~ A simple bias adjustment to correct misalignment in mean values, e ectively shifting the futurs:
time-series up or down as needed. 208

In some cases (though not shown here), applying bias adjustments may result in negative vabues
in the future national time-series. The harmonization algorithm should address such instances
while preserving the overall trend in future sectoral water abstraction data as much as possibles

Adjustment of seasonality amplitude to ensure smooth continuity at the transition year. It is iMoo
portant to note that the seasonality in future projections is not static and may vary from year tao
year. Therefore, the solution must preserve future trends in seasonality changes while ensuring
the amplitude matches at the transition year. 212

For most sectors, seasonality amplitude and mean values in historical time-series change gradually
from year to year. However, this is not always true for the irrigation sector, where in a particularly.
wet year, irrigation withdrawals may approach zero, only to increase signi cantly the followings
year. Itis therefore essential to include a feature that accounts for this high interannual variability
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Figure 2. Consecutive years relative change in domestic withdrawal calculated at gridcell level from the original historical
and future datasets. The years 2010 2011 represent the transition year between the past and future periods. For this exam-
ple, future data is based on the SSP2-RCP2.6-GFDL scenario.

Lastly, spatial inconsistencies at the transition year may arise not only from misalignment in na»
tional time-series, but also from the use of di erent downscaling techniques. For example, the
same national data for a given year may be distributed di erently across grids depending on the
proxy data or methodology used. As these inconsistencies are more challenging to resolve in a
general way, we will address them separately on a case-by-case basis, outside the main hazmo-
nization algorithm. 22

2.5.3 Proposed solution 223
Let H(t) denote the historical time-series data of a given country or US state, whe2e[tg,tend 2
(equivalent to [1971,2010] in our case), andH€t) denote the future time-series data, whetre2 2
[tiutures tmax] (EQuivalent to [2010,2100] in our case). We seek to apply correctiogtjcto ensure 2

N]

4

consistency withH (t). 227
1: Historical Amplitude and Middle Point Calculation 228
For a given historical periodtfiart, tendl, WhereN =teng tstart+ 1, we calculate the following metrics 22
for each yeatt 2 [tsiart, tend): 230
- Yearly Maximum : 231

Max(t) = max@ (t))

- Yearly Minimum : 232
Miny(t) = min(H (t))

- Yearly Amplitude : 233
Au(t) = Maxu(t) Min w(t)

Next, we compute the average historical amplitud@”® over theN years: 2
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We also calculate the historical middle point, but only foE teng (2010 in this case): 235

Maxg (t = 2010) + MiRy (t = 2010)
2

2010_
M5 =

For all sectors except irrigation, we use N=1, which is equivalent to using only the last historical
year (2010) as a reference from which we derive the variable of interest. In the case of irrigatien,
we found N=5, which is equivalent to using the years [2006, 2010], to provide satisfactory resutkts,
avoiding the problem where the reference seasonal amplitude would be based on a single, potentially

outlier year. For the middle point, we found that using the last historical year is enough. 240
2: Bias Adjustment 21
242
For future dataF(t) and the year that overlaps= 2010, we calculate the future middle point: 213
2010 maxF(t = 2010)) + mirf(t = 2010))
2010

2

We then adjust the future data to correct the bias between the historical and future middle pointsis
FbiaS(t) = F(t)"' Mﬁolo Mgol()

where FPaS(t) represents the bias-adjusted future data. 25

3: lterative Rescaling to Correct for Negative Values 246

247

To eliminate negative values in the future data, we apply an iterative min-max rescaling process omer
the entire future time-series. The min-max rescaling is a simple method which allows normalizing
a given data within a selected range. The general formula to rescale a range between an arbitsary
set of values Minpew, M@Xhen] iS: 251

y Mingg

0_ .
=Minpey ¥+ —m8M8M8M8M8M—
y " Maxog  Minoig

(MaXhew Minpew)

wherey is an original valuey? is the corresponding normalized valublingg and Maxoq are the 2
original dataset min and max values, and thN8npe,y and Max,e are the new min and max value of 2ss
the normalized dataset. For the following, we will keep this organization of the formula, so it is easy
to recognize how the new min and max values are de ned. 255

Let PPias, rescaleqye the pias adjusted and negative values corrected data for the entire future peried
[2010,2100]. We aim to ensure: 257
min(Fbias, rescale(i[)) 0

If negative values exist, we rescale the data iteratively as follows: 258

- De ne the new minimum as minkl (t)) scaled by a factor : 259

mint®™ = min(H(t))
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For example, if = 0.1, then the mi®™ will be equivalent to 10% of the minimum value registeredso
in the entire historical time-series for the given country. This minimum target value will be kept:
constant throughout the iterative rescaling process. 262

- De ne the new maximum: 263

max®(i = 0) = maxE*(t))

Compared to the constant minimum target value, the maximum is adjusted as needed in eachst-
erationi. The reason for this is that when we perform the rst rescaling, the historical and futuress
time-series might become miss-aligned in terms of middle points, so to achieve alignment, while
avoiding negative values and trying to maintain as much as possible the original future trajectory.ef
the time-series, we need to gradually adjust the maximum target till the middle points of historicad
and future time-series become aligned. We do this in the following way: 269

ma{t®¥(i) = max®™(i 1) (1 0.25  M(t = 2010i))
Where M(t = 2010i) is the relative error in the alignment of the historical and the rescaled futurer
time-series middle points for the overlapping year 2010: m

biasrescale®01Q: 2010
) M
M(t = 2010j) = — 0 M

2010
M

By introducing the relative alignment error in the adjustment process for the new maximum corg-
putation, we obtain a very soft convergence towards the minimum change of the original maximum
so that we maintain as much as possible the original trajectory of the future time-series. Here we
should also mention that we introduce a cap in the alignement error adjustment such that: 275

0.005 1 0.25 M( =2010i) 0.25

The minimum value (0.5%) is introduced to ensure faster convergence for small missalignments,
while we limit the maximum factor (0.25%) to keep the adjustments more conservative even when
the missalignments are larger than 100%. 278

- Finally, we apply the rescaling to the entire future data: 279

FPias(t)  min( FPiat))
maxFEas(t)) min( Foaxt))

Fbias, rescale&' i) - minr;ew + (ma>€ew(i) min EEW)

The process is repeated until all negative values are removed and the alignment between histosical
and future data is within a desired tolerance M(t = 2010i)  0.01, which is equivalent to an 2z
acceptable error of 1%). 282

4: Amplitude Correction 283

284

Some sectors, such as livestock, manufacturing and mining, do not have any seasonality in.the
datasets we use, therefore no amplitude correction is needed. For sectors that require such a.gor-
rection (domestic, electric, and irrigation), we adjugtasrescalett) to correct the amplitude for each 2
future yeart  2010. 288
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For this, we rst calculate the original amplitude of the bias-adjusted and rescaled future data fer
yeart: _ _ _ 200
A'l?asrescale?t) - maXFblasrescale?t)) min( Fbmsrescale?t))

Then, for the overlapping year = 2010, we rescale the future data using min-max normalization te:
match the historical amplitude: 202

avg

Fblasrescale& 2010) mmq:blasrescale& 2010)) avg
AblasrescalecﬁOlO

Fblas rescaled, amplltuif 2010) MZOlO A )

2

This procedure ensures that for the overlapping year 2010, both the historical and future datasets
have the same middle point and amplitude. For future yetrs 2010, the rescaling is performedas
based on the amplitude of the previous year amplitude in the calculation. It should be noted that,
in comparison to the negative values rescaling correction, the amplitude correction is done for eaeh
year separately instead of the entire time-series at once. For this, we de ne the new minimum asd
maximum values as: 298

bias, | bias, rescaled, amplitu
AFlas rescae&) AF p ‘if 1)

Agias, rescale& 1) 2

. _new, amplitud _ npbias, |
mmF ett) - MFlas resca e&)

bias, rescale&) Abias, rescaled, amplitu?{: 1)

ew, amplitud _ £ bias, rescale F F
ma){; e(t) - IVIF &) + Abias, rescale& 1) 2
F

As we can see, in this de nition of mi™" *™""%%t) and mag®* *™"""%{t) we have a multiplication s
blas rescaled)
W
amphtudes for the bias adjusted and negative values rescaled future time-series. It is through this
that we allow the amplitude corrected dataset to experience the same year-to-year relative change

in the amplitude compared to the original future data, while for the year 2010 the magnitude of the

amplitude is equal teA]}"%. 204

factor which is based on the relative di erence between current and previous yea#

With the newly de ned minimum and maximum values, we simply rescale each year accordinglyss
bias, | in( pbias, | , ,
Fbias’ rescaled, amplitu((f) _ new, amplltude(t)_'_': 1as, resca e&) mm( foias, resca e&)) Ablas, rescaled, amplltuctF)

mm AEias, rescale&) F

is calculated as usual: 306

whereAb'as rescaled, amphtuc{f)

bias, rescaled, amplitu _ ew, amplitud . new, amplitud
A PIUEE) = manf™™ AP %%t)  min [ N (9)

5. Final Output 307

308

The nal corrected future dataE" (t) are given by: 309
Fnal (t) — Fbias, rescale&)

or 310
Fnal (t) - Fbias, rescaled, amplitu({f:)
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if the amplitude correction was also required. an

This corrected future data are aligned with the historical middle points and amplitudes at countsy
level, while ensuring no negative values are present and following as much as possible the trends of
the original future dataset. The time-series are then downscaled back to the original grid using the
same weights as in the original future dataset. a1s

2.5.4 Implementation and algorithm use 316
The methodology described in Section 2.5.3 was implemented in Python and assembled in a single
function. The main arguments to control the harmonization algorithm which will be applied on thes
provided historical and future data are summarized in Table 2. 319

Table 2. The user de ned arguments for the harmonization function, their possible values, and meaning.

To account for the speci ¢ requirements of each sector, we tailored the arguments of the harmoniza-
tion function accordingly (Table 3). a1

Table 3. The arguments used for the harmonization of each sector.
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3. Results %22
3.1 Domestic Sector a2
3.1.1 National level time-series continuity a2

As described in Section 2.5.1, the primary issues identi ed in the original datasets include discosti-
nuities in mean annual values (e.g. Belgium, Moldova, in Fig. 3) and abrupt changes in seasonality
amplitude at the transition year (e.g., notably for Texas in Fig. 3). However, it is important to nate
that there are also instances when the future time-series transitions smoothly in terms of both ar-
nual mean values and seasonality (e.g., China, India, in Fig. 3). While only showing a subset, these
time-series have been generated for each country and US state. 3%

After applying the proposed harmonization algorithm (Table 3), we con rm that the national/state:
time-series are fully harmonized between the historical and future periods (Fig. 3). At the global
level (Fig. 4), we observe that the domestic withdrawal time-series from Khan et al. (2023) 4]
closely matches the reconstruction by Huang et al. (2018) [37], with only a slight overestimatien.
This overestimation is completely corrected in the harmonized dataset (Fig. 4). ass

Figure 3. Original and corrected national/state monthly domestic withdrawal time-series. For this example, future data is
based on the SSP2-RCP2.6-GFDL scenario.

Figure 4. Original and corrected global monthly domestic withdrawal time-series. For this example, future data is based on
the SSP2-RCP2.6-GFDL scenario.
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3.1.2 Spatial consistency ass

To con rm the harmonization of past and future datasets, the nal stepis to verify spatial consisteney
at the transition between these periods. Continuity should be expected not only at the national/state
level but also at the gridcell level, as described in Section 2.4. 339

For domestic water withdrawals, we observe that the original future dataset shows signi cant relas
tive di erences across most regions (Fig. 5). These di erences are largely homogeneous and con faed
within national borders, indicating an issue with continuity at the national/state level. In fact, when.
we examine the same maps for the harmonized national/state data (Fig. 5), most of these discrepan-
cies disappear. This high level of spatial consistency can be attributed to the fact that both Huanget
al. (2018) [37] and Khan et al. (2023) [44] use the same downscaling map. as

However, there are still some grid cells where the original high relative di erences remain for tha
transition years 2010 2011 (Fig. 5). These correspond to insular countries that were not includeetin
the country mask used for the harmonization process. Althoughiitis possible to extend the algorithm
to cover these cases, doing so would signi cantly complicate the work ow without an updated mask
le. Therefore, for users in a ected island countries, we recommend applying the same harmoniza-
tion algorithms described here after updating the mask le to include their region. a1

Figure 5. Year 2010 2011 relative change in domestic withdrawal calculated at gridcell level from the historical, and original
(le ) or harmonized (right) future data. For this example, future data is based on the SSP2-RCP2.6-GFDL scenario.

3.2 Livestock Sector 352

3.2.1 National level time-series continuity 353

Unlike the domestic sector, the national livestock time-series exhibit discontinuities only in mean
annual values at the transition between historical and future datasets. Since both the Huang etsal.
(2018) [37] reconstruction and the future scenarios from Khan et al. (2023) [44] downscale anasal
livestock water withdrawals using a uniform distribution (the same value is applied every monthy;
there are no issues related to mismatches in seasonality amplitude. a8

Given this, we only applied a bias adjustment correction while ensuring no negative values (see
Table 3). As a result, full continuity is achieved for each country and U.S. state where the correction
was implemented (Fig. 6). Unlike the domestic sector, where the overall global impact was relatively
small, harmonized livestock water withdrawals show a signi cant increase in future scenarios (Fig.
7). 363

3.2.2 Spatial consistency 364

Similar to the domestic sector, when examining the spatial distribution of relative changes, we ab-
serve signi cant di erences during the transition year in the original dataset (Fig. 8). Howevesfs
after applying the bias adjustment at the national and U.S. state levels, we still notice some jumps
and drops at the grid cell level, particularly evident in the U.S. states (see, e.g., Fig. 8), which were
not observed in the domestic sector. 369
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