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ABSTRACT

This article introduces a Matlab© code to implement the General Differential Split Sample Test (GDSST)
(Dakhlaoui et al. [5]). As an illustration, the GDSST is applied to five catchments in northern Tunisia over 30-
year reference period and compared to three benchmark Split Sample Test (SST) methods. The techniques are
compared as regards to the number of validation exercises and to the differences in temperature (AT) and
precipitation (AP) between the sampled sub-periods, whose length was set to 8-year. The GDSST allows a larger
number of discontinuous periods to be sampled, and is computationally more effective than the basic bootstrap to
identify the most climatically contrasting conditions. In addition, the GDSST offers a larger continuum of climatic
conditions and a better spread of validation periods than the benchmark techniques, which is essential to test the
parameter transferability of hydrological models. As supplementary material, a package file containing MATLABO
scripts to run the three benchmark SSTs and the proposed GDSST, as well as an application example on the five
catchments, can be freely downloaded.

e An enhanced split-sample test based on an oriented bootstrap to assess transferability of hydrological models.

o The proposed split-sample test is computationally more effective than the basic bootstrap to identify the most
climatically contrasting conditions.

e MATLABO code of the proposed GDSST and four benchmark SST, with application example.

© 2020 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY license. (http://creativecommons.org/licenses/by/4.0/)
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Specifications Table

Subject Area Earth and Planetary Sciences
More specific subject area Hydrology
Hydroinformatic
Method name General differential split-sample test (GDSST)
Name and reference of original Coron, L., Andréassian, V., Perrin, C, Lerat, J., Vaze, ]., Bourqui, M., Hendrickx, E, 2012.
method Crash testing hydrological models in contrasted climate conditions: an experiment on

216 Australian catchments. Water Resour. Res., 48, W05552. doi:10.1029/2011WR011721
Coron, L., 2013. Les modéles hydrologiques conceptuels sont-ils robustes face a un climat
en évolution ? PhD Thesis, ISIVE, AgroParisTech, 364 p.

Dakhlaoui, H., Ruelland, D., Tramblay, Y., Bargaoui, Z., 2017. Evaluating robustness of
conceptual rainfall-runoff models under climate variability in northern Tunisia. J. Hydrol.,
550, 201-217. doi:10.1016/j.jhydrol.2017.04.032

Dakhlaoui, H., Ruelland, D., and Tramblay Y. (2019). A bootstrap-based differential
split-sample test to assess the transferability of conceptual rainfall-runoff models under
past and future climate variability. Journal of Hydrology.
https://doi.org/10.1016/j.jhydrol.2019.05.056.

Introduction

This article introduces a transferable package (see supplementary material) of the General
Differential Split Sample Test (GDSST) to select sub-periods of discontinuous years gathering similar
to different conditions in terms of precipitation and temperature. The GDSST was originally proposed
in Dakhlaoui et al. [5] to assess the transferability of conceptual rainfall-runoff models under past
and future climate variability. In this paper, we showed that compared to three existing benchmark
techniques, the GDSST allowed a larger number of climatically contrasted discontinuous periods
to be sampled, and was computationally more effective than the basic bootstrap to identify the
most contrasted periods. When applied to three hydrological models in five catchments in northern
Tunisia, the GDSST provided clear transferability limits of the models under changing precipitation
(P) and temperature (T) conditions towards drier and hotter conditions. We also showed that some
climate projections of temperature and precipitation from the EURO-CORDEX exercise fell outside
these transferability limits.

Since a specific research method was customized for the above article, we thought readers might
be interested in accessing the codes developed to run the proposed GDSST, the three benchmark
techniques, as well as the application example on the five studied catchments. The current paper
thus focuses on this technical part of our work as a description of a MATLAB package.

Description of the split-sample techniques included in the package
Three benchmark SST techniques

The SST methods included in the package and selected for comparison with the proposed GDSST
are (Fig. 1): (i) a sliding-window SST [2]; (ii) a random bootstrap SST [1,3]; and (iii) a 4-sub-period
DSST [4]. These three techniques were selected because they enable simultaneous investigation of the
effect of T and P on model transferability under climate variability.

The sliding-window SST technique [2] consists in using calibration-validation tests on independent
sub-periods of equal length, considering all possible pairs of sub-periods. The sampling method used
to generate sub-periods is based on sliding windows applied over the reference period. The technique
enables the identification of n-I + 1 calibration sub-periods, where I is the number of years composing
each sub-periods and n is the number of years of the reference period.
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(a) Sliding-window SST (b) Random bootstrap SST
SP1 [N I spi [ W WE W W
sP2 [ ] se I N W WK
shi [ o] spi | | || |
sPn | | sen (N W N W n
i 2
(C) 4—sub-perlod DSST Hot/Dry years Hot/Wet years
SP1 (HD) [ || | B | | | I . ” ’
sP2 (Hw) (Il N N || ] i
SP3(CD) [ | | T W ~ : :
sP4 cw) I |- - 2 : . 2
Cold/Dry years 5 Cold/Wet years
P

— Clustering according to annual precipitation
—— Clustering according to mean annual temperature

Fig. 1. Split-sample methods according to (a) a sliding-window SST technique, (b) a random bootstrap SST technique, and (c) a
4-sub-period DSST technique [5].

The random bootstrap SST technique [1,3] relies on a sub-period sampling technique which is
based on a random combination of discontinuous years (bootstrap). This sampling technique is time
consuming since the possible number of calibration sub-periods is equal to C.. For example, the
random bootstrap SST technique results in around six million possible 8-year sub-periods if applied to
a 30-year reference period. Its application then requires a priori selection of the number of permitted
calibration exercises, due to limited time budget for model calibration and validation.

The implementation of the 4-sub-period DSST [4] requires the calculation of the annual
precipitation and mean temperature for each hydrological year of the reference period. The sub-
periods are thus made up of groups of climatically contrasted years. To create these groups, the
hydrological years are first distributed into two equal groups of hydrological years (dry years and
wet years) according to the annual precipitation median for the reference period (Fig. 1c). Dry and
wet years are defined as years with respectively less or more total precipitation than the median of
the reference period. For each group, the median of the mean annual temperature is then calculated,
which serves to distinguish hot and cold years. The four final groups of hydrological years are: hot/dry
(HD), hot/wet (HW), cold/dry (CD) and cold/wet (CW) years (Fig. 1)

Using the three above techniques makes it possible to identify different numbers of calibration
sub-periods of n years. All n-year periods which do not have any year in common with a given
n-year calibration period can thus be considered as independent validation exercises. As a result,
the number of validation exercises may not be the same for all calibration periods selected with
the sliding-window and random bootstrap SST. For the 4-sub-period SST, there are three possible
validation exercises for each of the 4 calibration sub-period.

Proposed general differential split-sample test (GDSST)

Based on the existing SST methods, we developed a technique which can take benefit from the
random bootstrap SST technique to provide a large number of validation exercises while accounting
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Fig. 2. Processing steps to sample k climate contrasted L-year sub-periods from n-year reference period, in the proposed GDSST.
Each point represents a hydrological year from the reference period in the climate space (T, P) . The years circled are those
selected [5].

for the much contrasted AT and AP detected with the 4-sub-period DSST. In other words, the
idea was to design a method which uses the sampling of the random bootstrap SST technique, but
which is oriented so as to obtain the extreme climate contrast provided by the 4-sub-period DSST.
The proposed method was called general differential split-sample test (GDSST) and is described in
Fig. 2.

The procedure used to generate k n-year sub-periods from the [ hydrological years (from the 1st
of September to the 31st of August) of reference period, is as follows. The first year of the n-year sub-
period to be sampled is randomly selected from the [ years of the reference period (step 1 in Fig. 2).
The [-1 remaining years of the reference period are then sorted based on the order of increasing
distance of Mahalanobis [6] to the first selected year in the space of mean annual temperature (T)
and total annual precipitation (P) (step 2 in Fig. 2). Using the Mahalanobis distance aims at rescaling
the T and P axes in order to account for the correlations between the two variables and to calculate
standard Euclidean distance in a transformed space having unit variance. In other words, it aims to
reduce the dominance of one climatic variable over the other when computing “climatic” distance
between years. A trapezoidal probability is then assigned to the -1 remaining years of the reference
period, as follows (step 3 in Fig. 2):

P(i)= 2(m+1-i/m@m+1), i=1,....m (1)

P(i)=0,i=m+1,..., [-1 (2)
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where P(i) is the probability assigned to the year with rank i; i is the rank of the remaining years of
the reference period sorted in order of increasing Mahalanobis distance to the originally selected year;
m is a number selected randomly at each sub-period selection from the interval [n-1, L-1]. The year
closest to the year originally retained has the highest probability (P(1)= 2/m + 1) and the farthest
years has the lowest probability (P(m) = 2/m(m + 1) and P(i) = O for i > m).

The n-1 remaining years of the sub-period are then selected from the (-1 remaining years of
the reference period according to the trapezoidal probability distribution giving more chance to be
selected to the years which are the closest to the initial year according to the Mahalanobis distance
defined in the T and P space (step 4 in Fig. 2). The trapezoidal distribution allows only the m years
closest to the initial year retained, to be selected in the sub-period. This gives more chance to years
with similar climatic conditions to be selected in order to generate more climatically contrasted sub-
periods. However, varying randomly m for each sub-period generation also allows years with different
climatic conditions to be selected. This aims at creating a continuum of climatic conditions, from
similar to contrasted, between the sampled sub-periods in view of evaluating the model transferability
under increasing climate contrasts. In case the new created sub-period was already sampled, it is not
retained (step 5 in Fig. 2). The procedure (steps 1 to 5 in Fig. 2) is repeated until the required number
of sub-periods is reached (step 7 in Fig. 2).

The random selection of years in the proposed procedure allows a larger number of sub-periods
to be selected than with a deterministic procedure (where the closest years to the originally retained
year are selected). In fact, in the best case, the deterministic procedure provides a number of sub-
periods equal to the number of observed years (e.g. 30 sub-periods for a 30-year reference period).
The number of calibration sub-periods which can be generated by the proposed technique is similar
to the random bootstrap SST technique (C}). That is why its application requires a priori selection
of the number of permitted calibration exercises. Similarly to the three benchmark SST (See Section
"Three benchmark SST techniques"), all n-year periods which do not have any year in common with
a given n-year calibration period can be considered as independent validation exercises with the
GDSST.

MATLAB code of the split sample tests

The routine “SST.m”, presented below and contained in the GDSST package (see supplementary
material), allows generating sub-periods by GDSST [5] and by three benchmark Split Sample Tests: (i)
sliding-window SST [2]; (ii) random bootstrap SST [1,3]; and (iii) 4-sub-period DSST [4].

The arguments of the routine are:

OptSST: variable used to set the SST to be used. It must be set to 'GSST' for GDSST, 'Mobile’ for
sliding-window SST, 'Rand_part’ for random bootstrap SST, and '4PDSST’ for 4-sub-period DSST.

AnnualPrecip: array of 2 x n dimension. The first column is for years and the second column for
annual precipitation. n the number of years of the reference period.

AnnualTemp: array of 2 x n dimension. The first column is for years and the second column for
mean annual temperature. n the number of years of the reference period. nsousperiod: number of
sub-periods to be generated by GDSST or random bootstrap SST durationSubP: duration of the sub-
periods expressed in years.

The routine gives the following outputs: echantillon: a four-column array containing all the
independent calibration-validations exercises. Each line contains one calibration-validations exercise.
The first column contains the order of calibration period. The second column represents the order of
validation period. The third and fourth columns represent the changes in temperature (AT) and in
precipitation (AP), respectively, between calibration and validation period. The order of subperiod is
the same that Combination array.

Combination: contain the years composing the generated sub-periods. Each line contains one
subperiod. The order of subperiod in this array is used in echantillon array.
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The MATLAB® code of the routine “SST.m", is presented as follow:

function [echantillon,Combination] = SST(OptSST, AnnualPrecip, AnnualTemp, nsousperiod, durationSubP)

676767676.6.6.6676%6367676.76.666 1666666366676 7676761616166 636363636 7666 16161666 6656367676 67676616166 6 6636367661676 761616 16
% GENERAL INFORMATION %
T66%6767676.7676.76 3036676766 1667676 7610303166167 7003066616767 3030 o666 16166 6o 66 6 161676 70 o303 66 16166 6 1030 0 066

This subroutine generates sub-periods by General Differential Split Sample
Test (Dakhlaoui et al., 2019) and by three benchmark Split Sample Tests:
(i) sliding-window SST (Coron et al., 2012);

(ii) random bootstrap SST (Coron, 2013; Arsenault et al., 2018);

(iii) 4-sub-period DSST (Dakhlaoui et al., 2017).

32 3¢ 32 3% 3%

%69696%6766676.36 3636969675766 7.3 3636666167673 36 63661667673 306 0316566676766 30 o3 666676766 3o 036666676763 366 65666
% Arguments %
%6%3%6%67676.7676.36 3636966766 7676766 3 0363666167677 1o 0363666 7677 7 30300363661 76766 0300366617676 30 0503166676767 300 6566

% OptSST equal to 'GSST' for GDSST, ‘Mobile' for sliding-window SST,
% ‘Rand_part' for random bootstrap SST, and '4PDSST' for
% 4-sub-period DSST.
% AnnualPrecip array of nx2 dimension the first column is for years
% and the second column for annual precipitation. n the number
% of years of the reference period
% AnnualTemp array of nx2 dimension the first column is for years
% and the second column for mean annual temperature .
% n the number of years of the reference period
% Nsousperiod number of subperiods to be generated by GDSST
% or random bootstrap SST
676536266536 266761665 36.1616%36 2616336 36666366 136 36166 6366 65636 165366 1436 761636 366156366 16436 2676456 361616366
% Outputs %
%%6%; 49%76.76%5% 3676563626
echantillon a four column array containing all the independent

%
% validations exercises. The first column for the order

% of calibration period , the second the order of validation
% period, the third contains the changes in temperature

% between calibration and validation period DT and the

% last contains the changes in precipitation DP.

% Combination contain the years composing the generated subperiods.

% Each line contains one subperiod.

% Variable affectation

Years = AnnualPrecip(:,1);
ANDEB = AnnualPrecip(1,1);
Temperature = AnnualTemp(:,2);

Precipitation = AnnualPrecip(:,2);

% Calculation of Hot-Dry, Hot Wet,Cold Dry and Cold Wet years

medianep = median(AnnualPrecip(:,2));
medianet = median(AnnualTemp(:,2));
WetYears = AnnualPrecip(AnnualPrecip(:,2)>medianep,1);

WetYearst = AnnualTemp(AnnualPrecip(:,2)>medianep,2);

medianetw = median( WetYearst);

DryYears = AnnualPrecip(AnnualPrecip(:,2)<= medianep,1);

DryYearst = AnnualTemp(AnnualPrecip(:,2)<=medianep,2);

medianetd = median( DryYearst);

HotDryYears = AnnualTemp(AnnualTemp(:,2)>= medianetd&AnnualPrecip(:,2)<= medianep,1);
HotWetYears = AnnualTemp(AnnualTemp(:,2)>= medianetw&AnnualPrecip(:,2)> medianep,1);
ColdDryYears = AnnualTemp(AnnualTemp(:,2)< medianetd&AnnualPrecip(:,2)<= medianep,1);

ColdWetYears = AnnualTemp(AnnualTemp(:,2)< medianetw&AnnualPrecip(:,2)> medianep,1);

% Calculation of subperiods according the selected SST

9p% KAk ks ok ok ok ok ok ok ok ook ook ok ok ok ok ok ko Ak ok ok ok sk ok ok k ok ok ok
switch OptSST

case 'Rand_part’'

Combinationl = nchoosek(Years,durationSubP);

sizeCombinationl = size(Combinationl);

Totcombinl = sizeCombination1(1);

El = unique(round(rand (nsousperiod,1)*Totcombinl));
Combination2 = Combinationi(a,:);

Combination = sort(Combination2,2);

Combination = unique(Combination, 'rows");

sizeCombination = size(Combination);

Totcombin = sizeCombination(1);
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case 'GDSST'
nyears = length (Precipitation);
a = (ceil(rand (nsousperiod,1)*nyears));
selectyears = Years(a);
Iclimat = [Precipitation Temperature]
[Combin, Dist] = knnsearch(Iclimat,Iclimat, 'K',nyears ,'distance', 'mahalanobis');
i=e;

while I < nsousperiod

i=i+1;
yearalea = ceil(rand (1,1)*nyears);
nyears2 = max(ceil(rand*nyears),durationSubP-1);

urationSubP-1
lcs = 1l:durationSubP;

les(1) = 1;
for k3 = 2:durationSubP;
for iter = 1:1000;
lpos = 1 + floor(nyears2+0.5-sqrt((nyears2+0.5)"2 - nyears2*(nyears2+l)*rand));
idx = find(les(1:k3-1)==1pos); if isempty(idx); break; end;
end;
lcs(k3) = 1lpos;
end;

lcs = sort(lcs);
end;

Combination2 (i,:) = Years(Combin(yearalea,lcs));
Combination2 = unique(Combination2, 'rows"');
i=size(Combination2,1);

end

Combination sort(unique(Combination2, 'rows"),2);
sizeCombination size(Combination);

Totcombin = sizeCombination(1);

case '4PDSST'

HotDryYears2 = NaN(durationSubP,1);
HotWetYears2 = NaN(durationSubP,1);
ColdDryYears2 = NaN(durationSubP,1);
ColdWetYears2 = NaN(durationSubP,1);

sizeHotDryYears = size(HotDryYears);
sizeHotWetYears size(HotWetYears);
sizeColdDryYears = size(ColdDryYears);
sizeColdWetYears = size(ColdWetYears);
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if sizeHotDryYears(1)==durationSubP
HotDryYears2 = HotDryYears;
elseif sizeHotDryYears(1)>durationSubP
HotDryYears2 = HotDryYears(1l:durationSubP);
else
HotDryYears2 (1:sizeHotDryYears(1)) = HotDryYears;
end

if sizeHotWetYears(1)==durationSubP
HotWetYears2 = HotWetYears;
elseif sizeHotWetYears(1)>durationSubP
HotWetYears2 = HotWetYears(1l:durationSubP);
else
HotWetYears2(1:sizeHotWetYears(1)) = HotWetYears;
end

if sizeColdDryYears(1)==durationSubP
ColdDryYears2 = ColdDryYears;
elseif sizeColdDryYears(1)>durationSubP
ColdDryYears2 = ColdDryYears(1:durationSubP);
else
ColdDryYears2(1:sizeColdDryYears(1)) = ColdDryYears;
end

if sizeColdWetYears(1l)==durationSubP
ColdWetYears2 = ColdWetYears;

elseif sizeColdWetYears(1l)>durationSubP
ColdwWetYears2 =ColdWetYears(1:durationSubP);

else
ColdWetYears2(1:sizeColdWetYears(1))=ColdWetYears;

end

Combination2 = [reshape(HotDryYears2 (1:durationSubP),1,durationSubP);
reshape(HotWetYears2 (1:durationSubP),1,durationSubP);
reshape(ColdDryYears2(1:durationSubP),1,durationSubP);
reshape(ColdWetYears2(1:durationSubP),1,durationSubP)];

Combination = unique(Combination2, 'rows");

sizeCombination = size(Combination);

Totcombin = sizeCombination(1);

case 'Mobile’

Totcombin = length(Years)-durationSubP +1;
Combination = zeros(Totcombin,durationSubP);

for i=1:Totcombin
for j=l:durationSubP;
Combination(i,j) = Years(i+j-1);
end
end

9k Kk ks sk ok ok ks sk ok ok o ok stk ok ok sk o s sk ok o sk ok sk ok ok sk ok ok ok ok

% Subperiod Climatic characteristics calculation
for i=1:Totcombin

end

TMeanSubP(i)=
PMeanSubP (i

VariableClim= [TMeanSubP; PMeanSubP ];

% Constitution of validation exercises
iechantillon=0;
for i=1:Totcombin %cal

for

j=1:Totcombin %val

if length(intersect (Combination(i,:),Combination(j,:))) == 0@
iechantillon = iechantillon+1;
echantillon(iechantillon,1) = i;
echantillon(iechantillon,2) = j;
echantillon(iechantillon,3) = TMeanSubP(j)-TMeanSubP(i);
echantillon(iechantillon,4) = (PMeanSubP(j)-PMeanSubP(i))/PMeanSubP(i);

mean(AnnualTemp (find(ismember (AnnualTemp(:,1),Combination(i,:))),2));
= mean(AnnualPrecip(find(ismember(AnnualPrecip(:,1),Combination(i,:))),2));
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Application example

The GDSST package (see supplementary material) includes an application example of the four split-
sampling methods using the climatic data from five catchments in northern Tunisia (PTfile.mat), it can
be run via the Matlab script (MainSST.m).

The data file: “PTfile.mat”

This matlab file contains the dataset of an application example from five catchments in northern
Tunisia (Rhezala, Melah, Maaden, Joumine and EI Abid). See Dakhlaoui et al. [5] for more details about
the catchments. It contains an array PT of 30 x 11 dimension. The first column of the PT array
contains the years, for each catchment two columns are reserved, one for the annual precipitation
and the second for mean annual temperature.

The reference period is from 1st September 1970 to 31st August 2000. It was based on the
hydrological years (from the 1st of September to the 31st of August).

The PT array of the “PTfile.mat” of the application example of the five catchments of the northern
Tunisia, is presented below. The first column contains the years (1971-2000), the second and third
columns are reserved respectively to annual precipitation and mean annual temperature of the
catchment 1, the fourth and fifth columns are reserved respectively to annual precipitation and mean
annual temperature of the catchment 2, etc. The users can implement the new and benchmark split-
sample approaches with their own data, by adapting the dimension of this table this to the number
of their study catchments and years.

1971 510,2 173 1047,2 15,7 10325 15,7 8850 159 9118 16,1
1972 661,0 16,6 10096 149  946,5 14,8 7433 150 7751 15,1
1973 730,6 17,0 11931 152 10843 152 8971 154 9057 15,6
1974 451,2 174 636,3 15,7 730,2 158 5966 159  620,6 16,1
1975 655,5 16,5 8516 149 10055 151 743,0 153  796,6 15,5
1976 5040 168  819,3 150 9446 152  804,5 154 8053 15,6
1977 637,9 173 797,8 159  933,6 162 7066 162 7416 16,5
1978 355,6 17,0 7879 16,0  929,0 16,2 7413 16,0 7781 16,2
1979 510,1 17,2 791,7 16,7  829,2 168 7419 16,1 728,5 16,4
1980 542,0 165 8379 15,7  1087,0 158 9337 154 890,3 15,7
1981 3723 16,9  843,0 16,2  816,6 164 7641 159 7184 16,2
1982 500,2 181 897,5 17,2 973,7 173 7817 169 8198 17,2
1983 562,6 176 7773 16,5 9347 16,7 8480 164 7944 16,6
1984 5849 170 991,4 158 9784 16,0 7573 159 8059 16,1
1985 516,4 173 959,3 16,2 1105,1 163 850,7 162 9510 16,4
1986  414,8 17,7 718,9 16,2 8689 165 7473 16,5 7689 16,8
1987 7345 173 12066 16,5 12441 16,7 8966 163 959,22 16,6
1988 2009 186  663,7 17,8 712,5 18,0  416,7 17,7 5758 179
1989 3549 17,9 660,7 16,8  708,9 17,0 587,0 16,7 5689 16,9
1990 5114 182 5537 171 906,7 173 638,7 171 634,9 173
1991 6246 176 10495 16,2 11271 164 9934 163 10090 16,6
1992 656,2 173 977,5 156  956,0 159 7688 15,7 7750 16,0
1993 488,1 17,8 648,4 164  660,8 16,7  588,2 16,5  605,6 16,8
1994 4821 185 6549 17,2 754,4 17,5 4942 173 590,4 17,6
1995 3034 184 6510 16,9 7455 171 537,5 171 610,5 173
1996 861,2 180 10628 16,3 1197,7 16,6  989,7 16,5 1200,7 16,7
1997 3954 183 6279 16,8 7215 171 5269 170 589,9 17,2
1998 588,5 184 11236 16,8  1258,8 171 980,0 170 11141 17,2
1999 631,5 18,2 1240,8 171 941,0 174 7771 173 8521 17,6
2000 5694 18,7 636,7 17,6 704,0 17,9 512,7 17,8 583,7 18,1

The main program: “MainSST.m”

The main program allows reading the needed data for the SST “PTfile.m” and running the SST by
calling the “SST.m” routine.
Three variables need to be set by the user:
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OptSST: Variable that define the SST to be used. It must be set to 'GDSST’ for GDSST, 'Mobile’ for
sliding-window SST,

'Rand_part’ for random bootstrap SST, and '4PDSST’ for 4-sub-period DSST.

nsousperiod: number of sub-periods to be generated by GDSST or random bootstrap SST
durationSubP: Duration of the sub-periods expressed in years.

The code give the following outputs:

Echantillon2: a four column array containing all the independent validations exercises. The first
column contain the order of calibration period, the second the order of validation period, the third
contain the change in temperature between calibration and validation period AT and the last contains
the relative change in precipitation AP. Validations exercises from the first catchment are ranged in
the first lines, then the second catchment, etc. The order of catchments is the same as PTfile.m

Combination2: contain the years composing the generated sub-periods. Each line contains one sub-
period. The first nsousperiod lines contain sub-periods from the first catchment, then the second
catchment, etc. The order of catchments is the same as PTfile.m figure.m: Scatter representing the
calibration-validation exercises generated by the selected SST expressed in term of AT and AP.

The MATLAB®© code of the main program “MainSST.m” is presented as follow:

% GENERAL INFORMATION %

This script Generate sub-periods by General Differential Split Sample
Test (Dakhlaoui et al., 2019) and three benchmark Split Sample Tests:
(i) sliding-window SST (Coron et al., 2012);

(ii) random bootstrap SST (Coron, 2013; Arsenault et al., 2018);
(iii) 4-sub-period DSST (Dakhlaoui et al., 2017).

32 3% 3¢ 3¢ 3%

BN

Variable that need to be set

OptSST : Variable that define the SST to be used. It must be equal
to 'GDSST' for GDSST, 'Mobile' for sliding-window SST,
'Rand_part' for random bootstrap SST, and '4PDSST'
for 4-sub-period DSST.

nsousperiod : number of sub-periods to be generated by GDSST or random
bootstrap SST

durationSubP : Duration of the sub-periods expressed in years.

32 3¢ 3% 3% 3% 3¢ 3%

close all
clear
clc

% Variable affectation

PTfile = load('PTfile.mat");
PT = PTfile.PT;
Ncatchment = (size (PT,2)-1)/2;

% Variable that need to be set

OptSST = 'GDSST' % 'GDSST' , 'Mobile' ,'Rand_part', '4PDSST' % variable to be set by user
Nsousperiod = 100 % variable to be set by user
durationSubP =8 % variable to be set by user

for j=l:ncatchment % loops over catchments
a = int2str (j);

disp (['Catchment : ', a])
AnnualPrecip(:,1) = PT(:,1);
AnnualTemp(:,1) = PT(:,1);
AnnualPrecip(:,2) PT(:,3*2);

AnnualTemp(:,2) PT(:,j*2+1);

[echantillon,Combination] = SST(OptSST,AnnualPrecip,AnnualTemp,nsousperiod,durationSubP);

if j==
echantillon2 = echantillon;
Combination2 = Combination;
else
echantillon2 = [echantillon2;echantillon];
Combination2 = [Combination2;Combination];
end

end % end loops over catchments

% Scatter of the calibration-validation exercises generated by the selected SST expressed in term of DT and DP.

figure = scatter(echantillon2(:,3),echantillon2(:,4)*100);
ylabel('DP (%)','FontSize',12, 'FontName', 'Arial');
xlabel('DT (°C)', 'FontSize',12, 'FontName','Arial');
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Implementation details

The MATLAB©O codes (MainSST.m and SST.m) and the data file (PTfile.mat) must be put in the same
folder. The three variables that need to be set by the user (OptSST, nsousperiod and durationSubP)
have to be set directly in the MATLABO code of the routine (SST.m). The SST could be performed by
running “MainSST.m”

Results of the application example

As an illustration, the three benchmark SST techniques and the proposed GDSST were applied to
the application example described above. The techniques were compared as regards to the number
of validation exercises and to the precipitation-temperature differences they provided. The length
of the sub-periods was set to 8 years for the sliding-window SST, the random bootstrap SST and
the GDSST. However, for the 4-sub-period DSST, the 30-year reference period was spread over 7-8
years hot/dry, hot/wet, cold/dry and cold/wet sub-periods (since 30 is not a multiple of four). The
random bootstrap SST results in a large number of possible sub-periods if fully applied to a 30-year
period (around six millions 8-year sub-periods). Due to limited time budget for model calibration and
validation, we decided to use only 100 randomly selected sub-periods for each catchment. For sake
of fair comparison, the same number of randomly selected sub-periods was set with the GDSST. Note
that the number of sub-periods for the two other techniques is already limited by their design: 23
sub-periods for the sliding-window SST and four for the 4-sub-period DSST.

Fig. 3 shows the scatter plots generated by the MATLABO code with the different sampling
techniques according to the differences in mean annual temperature and precipitation between the
validation and calibration sub-periods (AT and AP). The figure allows the spread of the sample
provided by each sampling technique to be evaluated in terms of AT and AP.

Fig. 3a shows the sample offered by the sliding-window SST technique when applied to the five
study catchments. It provided 1 495 possible validation exercises for 115 (23 x 5 basins) calibration
exercises. The differences between the different sub-periods in mean precipitation ranged from —20%
to +25% and the differences in temperature ranged from —1.8 °C to +1.8 °C. When looking at the
random bootstrap SST technique (Fig. 3b), it provided 5800 possible validation exercises for a total
of 500 calibration (100 x 5 basins) exercises. The differences between the different sub-periods
in mean precipitation ranged from —35% to + 50%, and in temperature from —1.4 °C to +14 °C.
The 4-sub-period DSST (Fig. 3c) provided 60 possible validation exercises from 20 (4 x 5 basins)
calibration sub-periods. The differences in mean precipitation obtained ranged from —40% to +60%,
and in temperature from -2 °C to +2 °C. Like the random bootstrap SST, the proposed GDSST
(Fig. 3d) provided 9 320 possible validation exercises for a total of 500 calibration (100 x 5 basins)
exercises. However, the differences in mean precipitation obtained ranged from —45% to +80%, and in
temperature from —2 °C to +2 °C. It should be noted the limited redundancy between the different
sampling techniques. In fact sub-periods identified by one approach, are not identified by another.
This can be explained by the high number of possible sub-periods (around six million sub-period
per catchment) compared the limited number of sampled sub-periods generated by each of the four
split-sample methods (4-100 sub-periods per catchment).

Although the sliding-window SST technique provided numerous validation exercises, the
differences in P (AP) are less contrasted than those offered by the three other techniques. The
sliding-window technique thus appears to depend too much on the historical climate trends to detect
extremely contrasted sub-periods for calibration. Using this method, Coron et al. [2] found well
contrasted precipitation in southeast Australia. However, the authors reported precipitation trends
that contributed to obtain a significant contrast in precipitation characteristics between different
periods. In northern Tunisia, continuous sliding periods were unable to provide sufficiently contrasted
periods because there was no trend in precipitation during the historical study period, as shown by
Dakhlaoui et al. [4]. In addition, the study area presents high inter-annual precipitation variability (see
also [4]). Using continuous sub-periods thus smooths the average precipitation in the sub-periods,
thereby reducing the climate contrast between them. However, this is not the case for temperature,
for which the sliding-window SST technique provided significant differences in T (AT) due to the
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Fig. 3. The validation exercises according to four split-sample methods applied over a 30-year reference period (1970-2000) in the five studied basins: (a) sliding-window SST; (b) random
bootstrap SST; (c) 4-sub-period DSST; and (d) the proposed General DSST. AT and AP represent respectively the differences in mean annual temperature and the relative difference in
annual precipitation between the calibration and validation sub-periods.
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increasing temperature trends in northern Tunisia over 1970-2000 [4]. The random bootstrap SST
technique provided an important number of validation exercises (5 800). However it led to limited
differences in T (AT) and a poor distribution of the sample with high concentration in the center
of the figure, where there is the least significant contrast to test model parameter transferability.
The 4-sub-period DSST provided more contrasted AT and AP than the sliding-window and random
bootstrap SST. Indeed it is based on a sampling technique generating highly climate-contrasted sub-
periods. However, although it explored contrasted climatic conditions in the historical period, the
technique provides very few insights into moderate AT and AP compared to the other techniques.
The oriented bootstrap of the GDSST provided more validation exercises than the random bootstrap
SST, although both techniques were based on the same number of calibration exercises (500). This can
be explained by the fact that the oriented bootstrap favours the selection of independent sub-periods
by reducing overlap between them. In addition, the GDSST provided a better spread of validation
periods. Indeed, contrary to the random bootstrap technique in which the validation exercises were
concentrated in the zone of AT and AP near 0, the sample provided by the GDSST technique was
more concentrated at the extremes AT and AP, which are the most contrasted sub-periods to test
the parameter transferability. Hence, the differences in mean precipitation and temperature between
the different sub-periods ranged respectively from —45% to +80%, and from —2 °C to +2 °C, thus
providing a more marked climatic contrast between the calibration and validation periods compared
with the previous techniques (see Fig. 3).

It should be noted that the random bootstrap technique theoretically includes all the spread of AT
and AP provided by the other techniques tested. In other words, the theoretical limits of the tested
combinations (if all possible combinations were sampled) should be as large as the largest limits
provided by all the other techniques. However, the problem is that the application of a bootstrap on
all combinations would require excessive computation time and would lead to a very large number
(~6 million of 8-year sub-periods) of combinations that could obviously not be tested through cross-
validation with hydrological models. The proposed GDSST has the advantage to be more effective:
with only a limited number of calibration exercises (100), it provides a large number of sub-periods
from similar to contrasted conditions in terms of precipitation and temperature, while ensuring that
the most climatically contrasted sub-periods are sampled.

Conclusion

We present in this paper the MATLAB© code and an application example of the GDSST proposed
by Dakhlaoui et al. [5]. The code allows to user to generate subperiods and corresponding calibration-
validation exercises by the new GDSST and three benchmark Split Sample Tests. The code allows the
user to visualize the generated subperiods in a scatter plot representing the calibration-validation
exercises expressed in term of the differences in mean annual temperature and precipitation between
the validation and calibration sub-periods (AT and AP). This figure allows evaluating the spread of
the sample provided by the sampling technique, before to use it in a DSST exercise. In the provided
application example, the GDSST was compared to three other existing techniques to select sub-periods
over a 30-year past period on a set of five basins under semi-arid conditions in northern Tunisia. We
showed that the GDSST outperformed the other split-sample techniques by providing a large number
of sub-periods from similar to contrasted conditions in terms of precipitation and temperature, while
ensuring that the most climatically contrasted sub-periods are sampled. This technique thus allows
parameter transferability to be tested under wide ranges of climate conditions, which is a key step
to assess robustness of hydrological models under past and future climate variability. The users can
implement the new and the benchmark split-sample approaches with their own data, by adapting the
input file to their data.
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Supplementary material associated with this article can be found, in the online version, at
doi:10.1016/j.mex.2020.101008. A GDSST-package.zip file containing the Matlab script to run the
three benchmark SSTs and the proposed GDSST, as well as an application example on five
northern Tunisian catchments, can be downloaded from these links: https://fr.mathworks.com/
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