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For the climatological benchmark model,the NSE and KGE are closely relate&igure S1
shows the benchmark KGE$or the 20,338 catchments.
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Figure : A: Climatological Benchmark KGEs for 20,338 catchments. Benchmark KGEs boppen-Geiger climate
classification.
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For a climatological benchmark model where themodel is calculated and tested onthe

same data, the KGE is uniquelyand monotonically defined by the NSEThe NSE can be
written as:

YOG | | [S1]

Wherer is the Pearson correlation coefficient| is theratio of standard deviations, in the
simulated (s)and observed(o)time series, and is the bias.

- [S2]
r— [S3]

Since theclimatological model is generated by averaging the observed time serigls, Tt
for the benchmark NSE,.

0™ ¢ | [$4]
The KGE is defined as:

L "00 p rp P I p [S5]



Where| is as defined above and
[ [S6]

Againthe biastermf p 1L We can thereforeexpand andrearrange the KGE:

V@ p Wi | ¢ ¢ ¢ [S7]
Substituting for| we get KGE as a function of NSE:
V@ p Mi ¢ c| 0YOQ ¢ [S8]
Now ris defined as:
i h [S9]

Where cov(0,s) is the covariance of observed and simulate@limatological) time series.
Substituting| :

\ h
l

| [S10]

For a climatological model, thecovariance of the observed and simulated time series is
equal to the variance insimulated time series. This can be shown as followqequations
S11 to S20):

wéBA -B i i[é& ¢&r [S11]

Now consider thatthe observed time series is theclimatological model i plus some zero-
mean noisef :

€ 0 7 [S12]
And:
ir ér [S13]
wédA  -B i ifi T il [S14]
Now expandingand simplifying:
wé b -B i irf i ir [S15]
wéEdBR  , -B 7 i il [S16]

Assuminga 365-day yearand no missing data for any yearthis summation can be written
overd=365 days andy=Yyears.

1We used ChatGPT tassist with this derivation:https://chatgpt.com/share/6839f23b -62fc-800c-b18a-
48aa91df2b80



https://chatgpt.com/share/6839f23b-62fc-800c-b18a-48aa91df2b80
https://chatgpt.com/share/6839f23b-62fc-800c-b18a-48aa91df2b80

~ ~,
v oy x 7 p

h 5 s
wé B T TR i il 3p X
Since i i [depends only on d we cartake it out of the rightmost summation:
wé B P_ ir 7 3p Y
" N OESIH)
By constructionthe noise is zeremean, B | T, so:
wé o, [S19]
Thereforeequation S10 simplifies to:
[ [S20]
And equation $4 simplifies to:
0™ i | [S21]
Equation S8 can then besimplified:
VO p N ¢ 0D [S22]

Using leave-one-out cross -validation

In our analysiswe used leaveone-out cross-validation to construct the climatological time
series, which means thatin equation S17 abovewe must replace i ifwith i 5 i
since the climatology changeswith each analysed yearThe second term inequation S17
is then always less than or equal to zerpsince thenoise correlates negativelywith the
climatology.

In FigureS2 we plotthe KGE; against the NSE, for the 20,338 catchments analyzedFor
long time seriesThe KGE approaches the ideal lineequation S22).
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Figure R: Scatterplot of benchmark KGE and NSE values. The idealizeslationship is shown in blue, whichis derivedfor
a climatological model that is calculated andtested on the same data without crossvalidation. For long time series the
points plot near to the idealized line.
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We calculated three climate indices for each catchmentfollowing Knoben et al.(2018). We

used WorldClim 2.1 data(Fick & Hijmans, 2017Jor temperature (T) and precipitation (P)

and the Global Aridity and PET databas@omer et al., 2022)for potential evaporation

(PET)The resolution of these data are 30 seconds (approximately 1 km at the equatoi)l

calculation s are performed on the raster data andhen the indices are averageaver each

catchment.

[ RI t q 4 WN 6 Woistuop hdek -R)dWasicdldulated foreach month.
p —h0oO 0%D
-)O . ~ ~ [S23]
— pho%d 00

Then the aridity§ , the seasonality§ y, and thefraction of precipitation as snow’kare
calculated:

) —B -)O [S24]
)i [ A@)pkBibg 1 EF )plf8ipg [S25]
£ ! [S26]

B

Figure S8 shows scatterplots of the Benchmark NSE against these three climate indices.
Figure 3 shows thebenchmark NSE as a function of seasonality and snow fraction. We
binned the catchmentsby)  and £and took the median benchmark NSE for each 2D bin.
Figure $ shows thebenchmark NSE as a function of seasonality and aridityor snow-free
catchments £ 1.
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Figure SB: Scatterplots of the Benchmark NSE against aridity, aridity seasonality, and snow fraction. There is no clear
relationship to aridity. Higher seasonality is associated with higher benchmark NSEs, but the relationship is noisy and
many highly seasonal cattiments have nearzero benchmark NSEs . On the other hand, increasing snow fraction (above
about 0.25) is strongly associated with higher benchmark NSEs.



o
o

Benchmark

NSE
1.0

0.5

0.0

no snow Precip as Snow fS more snow

0 1 1.9

canstant Seasonality |m r seasonal
Figure S The median benchmark NSE for each cell in the climate space defined by seasonality &nd fraction of
precipitation as snow £. Catchments with higher snow fractions have higher benchmark NSEs. There is a slight gradient in
the seasonality, with more seasonal catchments exhibiting slightly higher benchmark NSEs overall.

o

0.7
4
Benchmark
NSE
£ 1.0
P
© 0.5
(-
<C
0.0
5 -1
0 1 1.8
constant Seasona“ty |m . seasonal

Figure $: The median benchmark NSE for each cell in the climate space defined by seasonality and aridity, for
catchments where the fraction of precipitation as snow is 0. In general more seasonal catchments have higher
benchmark NSEs although some very seasonal catchments have low benchmark NSEs.
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We begin with the following definition for the NSE:
0YOp — [S27]
Where,, is the error variance of the, is the variance of the observationsThenreplace
, Dy its definition:
O0YOp — —B 1 1 [S28]
Wherer andn are the observed and simulated discharger) andr} can also be written as

the sum of their components interannual ‘Qand "Q seasonali andi , andirregulari and
i.

5YOp — —B Qi i Qi i [S29]

We can expandhe brackets and usethe orthogonality of the decomposition to cancel
terms. In particular, all cross-component terms (eg’Q i or"Q i )can be cancelled
because the decomposition (both the Fast Fourier Transform and the calculation of the
seasonal component)is based on orthogonal basis functions.

&
5°YOp — —B ~ [S30]
;s , o)
— =& vv! J p— _"_ v —_
& O - »» L0 L » O
5YOp — —B Q@ ¢0Q Q i «cii i 1 i 1 [S3
65YOp — —B  Q Q i i P [S32]

We can definethe error variance ofthe interannual, seasonal, and irregular components as
» R Ry and, p, respectively:

.n —B T 0 [S33]
e —B i [S34]
i —B i i [S35]

Then rewrite equationS32:

2 Thisignoresleap years andassumes an integer number of years of dataln practice when each year does
not have exactly 365 days therean be small deviations from orthogonality. However, we foundthat these
effects are negligible across 16988 modeled catchments from the 18 models that we analysed equation
S39 wasalways accurate within an error of3x10%,



5 Yop LA *® [S36]

Using the fact that the sum othe variance fractions is 1:

0 "YO i_f AR [S37]
YO P f p h p d [S38]
5°YO — 0D 6 "© 0 "© [359]

Equation S39 is the weighted sum of theeomponent NSEs, so we are done.

EBOWY 0 G¢ | RUD iy R d WHIdy ¢ GopYRIt 1aq0RH HLL ALent Y10 Tu Y O
| RnnlJl JUqWaq6!1 3t 6 YOGl + We Ul WRUI REIIY

The following figures show alternative versions of Figure 3 in tpaper, usingdifferent

thresholds (seasonal variance fractionof 0.4 and 0.6) and different indices (the streamflow

concentration index QCI, thecoefficient of variation of the streamflow (COV(Q))the
fraction of precipitation as snow (f) and the aridity seasonality index.,.

"Qand Oy, are defined above.Thestreamflow concentration index is defined followingHan
et al (2024).

B

1#) —

p TITT [$40]

Wherel isthe monthly climatological streamflow. QCI ranges froma theoretical
minimum value of8.3 (constant streamflow throughout the year) to a maximum 0100 (all
streamflow occurs in one month).

We chose to use thecoefficient of variation of the streamflow (COV(Q)because the COV
has been usedto measure seasonality in precipitation (egFick & Hijmans, 2017)We
calculate the COVof the climatological streamflow 1 (the interannual mean of each
calendar day).For leap yearsboth December 30 and 3iwere used as the365" day of the
year.

~

60d —M pBlwgeu [S41]
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Sincewe identified Brazil as a location with very high benchmark NSE values well as a

large amount of goodquality data, we wanted to includesome modelsfrom Brazil in our

analysis. Unfortunately we were unable to find any freely accessiblenachine learning

hydrologic models that includedcatchments from across Brazil, so we created a Long

Short-Term Memory(LSTMijnodel using the CamelsBR dataset version 1.2(Chagas et al.,

2020, 2025)

We created an LSTM using the neuralhydrology package for Pyth@fratzert et al., 2022)
We useddata from the period 01/01/1980to 30/12/2020, which represents a compromise
between maximizing record length andnaximizing the number of available input datasets.
The CamelsBR datasetincludes streamflow and meteorological data for 897 catchments,
and we used allcatchments for training, validation, andtesting. Wetrained on data from
2010-2020, validated on data from 19801989, and tested on data from 1992009. We
reserved a long period (20 years) for testingecause the objective here is tanalyse
differences in testingperformance across catchment types, and not necessarily to
maximize the model performance overall.

We included all available static attributes in the model, in addition to onehot encoding for
the basin ID.

For dynamic attributes we includedall variables that were available for the full 4dyear
period. These are summarized in Table S1.
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Table S: Dynamic Variables used in the LSTM

Variable Source(s)

Precipitation CHIRPS, CPC, ERA5Land®, MSWEP
Minimum Temperature CPC, ERA5Land?

Maximum Temperature CPC, ERA5Land?

Mean Temperature ERA5Land®

Actual Evapotranspiration Gleam?®, ERA5Land®

Potential Evapotranspiration Gleam, ERABLand®

Soil Moisture (surface) Gleam?

Soil Moisture (root zone) Gleam?

Soil Moisture (layers 14) ERA5Land®

Y(Funk et al., 2015)%(Chen & Xie, 2008; NOAA Physical Sciences Laboratory, 2025)
3(Mufioz Sabater, 2019)*(Beck et al., 2019}

The most importart hyperparameters are summarized belown table S2.
Table 2: Hyperparameters used in the LSTM

Hyperparameter Value

Hidden size 256

Batch size 256

Sequence length 365

Initial forget bias 3

Output dropout 0.4

Output activation Linear

Optimizer Adam

Loss NSE

Epochs 50

Learning rate le-4 (epochs 1-30)
le-5 (epochs 3140)
5e-6 (epochs 4150

These values araypical for LSTMs (egKratzert et al., 2024) We did not tune the
hyperparameters except for the learning rate, which we reducedecause with a typical
learning rate of 1e3, the maximum validation NSE occurred on the first epoctEven with
the reduced learning rate the maximum validation NSE tended to occuvithin the first ten
epochs. Furtherreductions to the learning rate resulted in a lower maximum validation
NSE.

We generated an ensemble of fivenodels with the same hyperparametersand averaged
the predictions.

The validation andtesting NSEor the ensemble modelare shown in Figure S10The
median validation NSE is 0.75, while the median test NSE @572.
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Figure 93: The empirical cumulative densityfunction of NSE values fothe ensemble LSTM model
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Figure S¥ shows histograms of the threevariance componentsfor 17,245catchments.
Figures Sbto S32 show examples of decomposed time series f&8 example catchments
from around the world. Figures S18520 show catchments with high interannual variance,
Figs. S21S26 show catchments with highrregular variance, and Figs. S27%532 show
catchments with high seasonalvariance. Theexamples were not chosen systematically
but are intended to represent a broad geographical range.
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Figure S.4: The distribution of variance fractions for all 17,245 catchments plotted in Figure 1 of the manuscript.
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S6.1:. Examples ahterannuallywariablestreams

La Durdent a Vittefleur
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Figure 95: Decomposed time series for La Durdena Vittefleur Sandre G600061010, an interannually variablestream in
Normandy, France.

Rhoads Fork near Rochford, SD
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Figure 96: Decomposed time series for Rhoads Fork Near RochfordDS(USG®6408700), an interannually variable
stream in South DakotaUnited States
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Ysyry Paraguéi
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Figure 27: Decomposed time series forYsyry Paragud{Paraguay Riverat Asuncién, Paraguay (GRDC3368100) an
interannually variableriver.

Rangitaiki River
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Figure 98: Decomposed time series for the Rangitaiki River aflurupara, Aotearoa(New Zealand) (GRDC5863120) a
river with 62%interannual variance.



Rio Cochiguaz En El Pefion
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Figure 29: Decomposed time series for the Cochiguaz RiveE( Pefion, Chilg, Direccion General de Aguagt313001) an
interannually variablestream.

Syr Darya at Tyumen-Aryk
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Figure $0: Decomposed time series for theSyr DaryaTyumenAryk, Kazakhstah, (GRDC(2316200) an interannually
variable stream, where interannual variabilityhas been drivenlargely by water withdrawals for irrigation beginning in 1973
(Zou et al., 2019)
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S62:. Examples dhighlyirregularstreams

Mawheranui (Grey River) at New Waipuna
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Figure 21: Decomposed time series for theMgwheranui River(New Zealand, (GRDC5867710), a stream with highly
irregular variance.

Little Barachois River Near Placentia
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Figure $2: Decomposed time series for the Little Barachois RiveNeéwfoundland, Canada), (Water Survey of Canada
02ZK003, a stream with highly irregular variance.
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Ugab River
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Figure 23: Decomposed time series for thdJgab Rive(Namibia), GRDC1258202), a stream with highly irregular
variance.

Dark Canyon at Carlsbad, NM
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Figure 24: Decomposed time series for Dark Canyon at Carlsbad (New Mexico, United States), (USI8805150), a
stream with highly irregular variance.



Gieddejohka River, Norway
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Figure 25: Decomposed time series fothe Gieddejohka RivefLeirpoldvatn, Norway), (GRDC6731750), a stream with

highly irregular variance.
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Figure $6: Decomposed time series for the Haliya Riveirélangana India), Camels-IND 04012), a stream with highly

irregular variance.
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S6.3: Examples ohighlyseasonalstreams

Niger River at Dire
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Figure 27: Decomposed time series for the Niger River at Dire (Mali), (GRQEC34700), a highly seasonal river

Rio Orinoco at Puente Angostura

| 75000 = a*(Q) = 4.3e+08
2
“E 50000 =
@ | 25000 -

0
= 20000 = 27 ] _
g o (interannual){a*(Q) = 0.07
3
= | -20000 4

AAAARARARARRARARARAAD

E 60000 o*(seasonal){c*(Q) =0.92
S | 40000
o
Q
2 20000 -
_ | 20000 - | o*(imeguiar)/o*(Q) = 0.01]
3 0
g
= | -20000 =

T T T
1940 1960 1980

Figure $8: Decomposed time series for the Orinoco River at Puente Angostura (Venezuela), (GREXD6720), a highly
seasonal river.
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Ubangi River at Bangui
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Figure 29: Decomposed time series for the Ubangi River at Bangui (Central African Republic), (GRD&9100), a highly
seasonal river.

Irrawaddy River at Pyay
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Figure 80: Decomposed time series for the Irrawaddy River at Pyay, Myanmar, (GREX60700), a highly seasonal river.
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Talgar River, Kazakhstan
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Figure 1. Decomposed time series for the Talgar River at Talgar (Kazakhstan), (GRI3T4400), a highly seasonal river.

Figure $82: Decomposed time series for the Takhini River near Whitehorse (Yukon, Canada), (Water Survey of Canada
09ACO00Y), a highly seasonal river.
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