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1 | INTRODUCTION

During the last decades, the scientific community has
identified global and regional warming trends. In this

| Enric Aguilar’ | Oleg Skrynyk*

Abstract

In this article, we use standard extreme temperature indices to detect and attri-
bute external forcing in Madagascar. These indices are calculated from observa-
tions and multi-model ensemble mean responses on anthropogenic-plus-natural
(ALL), greenhouse gases (GHG), natural (NAT) and anthropogenic (ANT) which
are subtracted from ALL and NAT forcings over 1950-2018. Correlation analysis
emphasizes that the observed changes are more influenced by ENSO events, espe-
cially in minimum temperature. The observed changes are regressed or combined
with model simulations from the sixth phase of the Coupled Model Inter-
comparison Project (CMIP6) to assess human impacts in indices. CMIP6 models
with ALL, GHG and ANT forcings correspond well with the observations for the
frequency indices than the intensity indices. Moreover, decadal trends indicate the
existence of anthropogenic warming according to observations and multi-model
ensembles with ALL, GHG and ANT forcings. Detection and attribution parties
identify and justify the causes of the observed changes. We do this by performing
the single-signal and two-signal analysis using the Regularized Optimal Finger-
printing (ROF) method with Total Least Square (TLS) regression. We estimate
internal climate variability by means of control model simulations. As a result, we
note an inconsistency in the warming trend with the NAT forcing. The influence
of ALL, GHG and ANT forcings is detectable for standard extreme temperature
indices between 1950 and 2018. Nearly, observed changes are attributed to GHG
and ANT forcings except for coldest night and warm nights in Madagascar.

KEYWORDS

attribution, detection, extreme temperature indices, fingerprint, Madagascar, model
simulations

regard, IPCC ARG indicates that global temperatures now
are 1.07°C warmer than those from the preindustrial
times. In Madagascar, the yearly mean of the minimum
and maximum temperatures increased by 0.24°C/decade
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and 0.21°C/decade, respectively (Randriamarolaza
et al., 2021). Many authors have attempted to attribute
the detected trends to human activities, for example, San-
ter et al. (1996) or Bindoff et al. (2013). However, most of
the studies in D&A analysis focus on mid-latitudes. Otto
et al. (2015), Peterson et al. (2012) or Peterson et al.
(2013), stressed the lack of studies to attribute extreme
climate events in Africa. Furthermore, the African conti-
nent suffers from poor quality and scarcity of observa-
tional data (Otto et al., 2013, 2015) which can interfere
with the development adequate D&A studies. Nonethe-
less, Otto et al. (2020) provided some suggestions to
address these problems. Following their advice, the pur-
pose of this article is to apply the D&A analysis on
extreme temperature changes in Madagascar by using a
rare quality controlled and homogenized observational
dataset (Randriamarolaza et al., 2021). Namely, we seek
to understand the influence of external forcing (anthro-
pogenic and natural) and to identify their robustness sep-
arately on extreme temperature changes. We apply a
standard  regression-based optimal fingerprinting
approach, similar to Sonali and Kumar (2020). It is note-
worthy that variant approaches exist depending on the
transformation of the variables. For instance, a standard
approach is applied directly with the indices by Morak
et al. (2011, 2013), Christidis and Stott (2016) and Dong
et al. (2018). Variables are converted to probability-based
indices in Zhang et al. (2013), Min et al. (2013) and Kim
et al. (2016) or fit an extreme value distribution in Wang
et al. (2020) before implementing a standard approach.
Since the majority of studies use the standard approach
directly with the indices, we adopt it to simplify and facil-
itate the comparison of results. The remainder of this
article is organized as follows: Section 2 describes the
data and methodology. Section 3 presents key findings.
Finally, Section 4 sets out both the discussion and the
conclusion.

2 | DATA AND METHODOLOGY

2.1 | Observational data

For this study, we used the observational dataset of Mala-
gasy daily minimum and maximum air temperatures devel-
oped by Randriamarolaza et al. (2021). The dataset contains
26 synoptic weather stations in Madagascar (see Table 1),
quality-controlled with the INQC package (available at
https://CRAN.R-project.org/package=INQC) and homoge-
nized with the Climatol (available at https://CRAN.R-
project.org/package=climatol) software. Inhomogeneities
were detected at the monthly scale before adjusting daily
data by interpolating monthly factors. Skrynyk et al. (2021)

analysed the effects of Climatol homogenization on daily
data and found substantial improvements in the accuracy
and reliability of the temperature indices trends. Indices
calculation was performed with ClimInd (Dominguez-
Castro et al., 2020). The indices are categorized as intensity
and frequency (see Table 2). Their anomalies were derived
by subtracting a corresponding average value calculated
based on the WMO reference period 1961-1990, as in Vin-
cent et al. (2011) and Randriamarolaza et al. (2021). Subse-
quently, the regional anomaly time series were computed
as the average of the anomalies across all stations. Lastly,
regional anomaly series were smoothed using a 5-year mov-
ing average.

2.2 | Sea surface temperature data

The monthly Extended Reconstructed Sea Surface Tem-
perature, version 5 (ERSST V5), with a resolution of
2° x 2° (Huang et al., 2017), was employed in our analy-
sis in order to construct a time series of the El Nifio
Southern Oscillation Index (ENSO). Therefore, we delim-
ited the ENSO region from 160° E to 80° W in longitude
and from 5° S to 5° N in latitude. Sea surface temperature
(SST) is averaged at all grid points of the ENSO region to
obtain a single time series of monthly values. This time
series is further used to compute the annual SST. The
annual anomalies are then calculated according to the
reference period 1961-1990. El Nifio and La Nifna events
occur when SST anomalies are higher than 0.5°C and
lower than —0.5°C, respectively (refer to Figure 1a).
ENSO influence on the regional anomalies of the extreme
temperature indices was analysed by using the Morlet
wavelet function as in Torrence and Compo (1998) and
Jevrejeva et al. (2003). Specifically, we used the wavelet
coherence to measure the strength of the relationship
between two time series as a function of frequency or
period (see Section 2.4, for details). The performance of
this method was highlighted by Torrence and Compo
(1998), Yi and Shu (2012) and Liang et al. (2013).
Figure 1b shows the wavelet power spectrum of the con-
structed ENSO index time series. ENSO events' cycle
which is around 2-7 years can be clearly seen in the fig-
ure. The extreme ENSO events such as El Nifio at 1982-
1983 and 1997-1998 (also pointed out by Santoso
et al., 2017) were captured by the wavelet transform.

2.3 | Model simulations data

Model simulation data sets on daily minimum and maxi-
mum temperatures, used to estimate the expected
responses of the climate system to external forcings, were
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TABLE 1 List of synoptic stations

Stations Longitude (°) Latitude (°) Elevation (m) WMO numbers
in Madagascar.
Ambohitsilaozana  48.5 -17.7 786 67067
Analalava 47.8 —-14.6 57 67019
Antalaha 50.3 -15.0 6 67025
Antananarivo 47.5 —18.9 1310 67085
Antsirabe 47.1 -19.9 1540 67107
Antsiranana 49.3 -12.4 105 67009
Antsohihy 48.0 -14.9 28 67020
Besalampy 44.5 -16.8 36 67037
Farafangana 47.8 -22.8 6 67157
Fianarantsoa 47.1 -21.5 1106 67137
Ivato 47.5 -18.8 1264 67083
Maevatanana 46.8 —17.0 77 67045
Mahajanga 46.4 -15.7 22 67027
Mahanoro 48.8 -19.8 5 67113
Maintirano 44.0 -18.1 25 67073
Mananjary 48.4 -21.2 6 67143
Morombe 43.4 -21.8 4 67131
Morondava 443 —-20.3 8 67117
NosyBe 48.3 -13.3 11 67012
Ranohira 454 —22.6 823 67152
SainteMarie 49.8 -17.1 9 67072
Sambava 50.2 —-14.3 5 67023
Taolagnaro 47.0 -25.0 8 67197
Toamasina 494 -18.1 6 67095
Toliary 43.7 -23.4 9 67161
Vohemar 50.0 -134 5 67017

TABLE 2 List of climate indices used in the study.

Category Index Indicator name Definition Unit

Intensity TNn Coldest night annual minima of daily minimum temperature °C
TXn Coldest day annual minima of daily maximum temperature °C
TNx Warmest night annual maxima of daily minimum temperature °C
TXx Warmest day annual maxima of daily maximum temperature °C

Frequency TN10P Cold nights Percentage of days with Tmin <10th percentile %
TX10P Warm nights Percentage of days with Tmax <10th percentile %
TN9OP Cold days Percentage of days with Tmin >90th percentile %
TX90P Warm days Percentage of days with Tmax >90th percentile %
TN1P Very cold night Count of days with Tmin <1st percentile days
TX99P Very warm day Count of days with Tmax >99th percentile days

obtained from the Sixth Phase of the Coupled Model December 9, 2020). CMIP6 historical model simulations
Inter-comparison Project (CMIP6) archive (available at  differ depending on four elements: realization, initializa-
https://esgf-node.llnl.gov/search/cmip6/,  visited on tion methods, perturbed physics and forcing. All
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FIGURE 1 (a) Time series of
ENSO index. (b) Wavelet power
spectrum of ENSO index. The bold
contours represent a significant area
at level 0.05 against red noise. The
cone of influence indicates where the
effect of edge is important. [Colour

SST anomalies (°C)

figure can be viewed at
wileyonlinelibrary.com]
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historical model simulations with similar elements are
grouped in an ensemble member. In our study, we
choose 10 ensemble members with different realizations
but similar initialization methods, perturbed physics and
forcing.

Each ensemble member contained historical model
simulations with anthropogenic-plus-natural (ALL),
greenhouse gases (GHG) and natural (NAT) forcings.
The GHG simulations represent climates with well-mixed
greenhouse gases composed primarily of carbon dioxide,
methane and nitrous oxide (Meinshausen et al., 2017).
Table 3 shows that more than 50% of the runs were per-
formed under the first three ensemble members. In

GHG NAT CTL
4 4 11
3 3 0
4 4 0
1 1 0
1 1 0
1 1 0
1 1 0
1 1 0
1 1 0
1 1 0
18 18 11

addition, Table 4 illustrates that values of minimum and
maximum temperatures were taken from 95 and 62 runs,
respectively. These runs were produced using 19 models.
However, only the ensemble member rlilp1fl had con-
trol or pre-industrial simulations (CTL runs). The most
repeated model, which has more than 10% in all runs, is
CanESMS5 (Swart et al., 2019).

O'Neill et al. (2016) described the pathways of societal
development, the Shared Socioeconomic Pathways
(SSPs), as the future evolution of society with respective
emissions scenarios used to drive climate models. Ssp245
is a central scenario in which trends continue their his-
torical patterns without substantial deviations. The
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TABLE 4 Numbers of model

simulations for all ensemble members.

Minimum temperature

of Climatology

Maximum temperature

Models
ACCESS-CM2
ACCESS-ESM1-5
AWI-CM-1-1-MR
AWI-ESM-1-1-LR
BCC-CSM2-MR
CanESM5
CESM2
FIO-ESM-2-0
FGOALS-g3
HadGEM3-GC31-LL
MIROC6
MRI-ESM2-0
MPI-ESM-1-2-HAM
MPI-ESM1-2-HR
MPI-ESM1-2-LR
NESM3
NorES2-LM
NorESM2-MM
TaiESM1

Total

corresponding CMIP6 experiment ssp245 is considered as
reference one in CMIP6-endorsed Model Intercompari-
son Projects (MIPs) and is employed to extend the histori-
cal simulation period beyond 2015 in detection and
attribution MIP (O'Neill et al., 2016). For example, Gillett
et al. (2016) used ssp245 to continue the historical simu-
lation period to 2020. In our study, we selected model
simulations that existed simultaneously in ssp245 and
with ALL forcing for all members. As the historical simu-
lation with ALL forcing period was only from 1850 to
2014 (Eyring et al., 2016), we extracted the time period
over 1950-2014 then extended it from 2015 to 2018 by
using ssp245. Thereafter, we uniformed their grid resolu-
tion to 1° by 1°.

A multi-model ensemble mean was built by averaging
daily minimum and maximum temperature at each grid
point of all model simulations and all members for each
forcing, respectively. Therefore, regional time series were
computed by averaging temperature over all grid points
for multi-model ensemble mean with ALL, GHG and
NAT. Thereafter, we computed annual indices by using
ClimInd software for each grid point and regional time
series. Annual index anomalies were calculated by taking
WMO reference 1961-1990 as in the observational data.
These steps were applied to all the considered runs (ALL,

ALL GHG NAT CTL ALL GHG NAT CTL

0 0 0 1 0 0 0 1
0 3 3 1 0 3 3 1
0 0 0 1 0 0 0 0
0 0 0 1 0 0 0 1
0 3 3 0 1 2 2 0
8 10 10 0 8 10 10 0
0 3 3 0 0 3 3 0
0 0 0 1 0 0 0 1
2 3 3 0 3 0 0 0
0 0 0 1 0 0 0 1
1 3 3 0 1 0 0 0
2 5 5 0 1 0 0 0
0 0 0 1 0 0 0 1
0 0 0 1 0 0 0 1
0 0 0 1 0 0 0 1
1 0 0 0 1 0 0 0
0 3 3 1 0 0 0 1
0 0 0 1 0 0 0 1
0 0 0 1 0 0 0 1
14 33 33 12 15 18 18 11

GHG, NAT and CTL). From these results, the anthropo-
genic (ANT) forcing was formed by subtracting ALL and
NAT forcings. Therefore, ANT includes GHG and short-
lived gases and aerosols. The CTL runs were split into
two parts to create two independent estimations of inter-
nal variability, following Ribes et al. (2013). Finally,
5-year moving averages were calculated with regional
average index anomaly time series for model simulations,
CTL runs and multi-model ensemble means with ALL,
GHG, ANT and NAT forcings.

2.4 | Methods

241 | Wavelet coherence

The wavelet analysis is often used to extract isolated and
time-localized events (Lilly, 2017) or to analyse localized
intermittent oscillation in time series. It also can be used
to study the linkage between two time series (Grinsted
et al,, 2004). We use wavelet analysis, following the
approach described in Torrence and Compo (1998), to
assess the strength of relationship between observational
intensity and frequency indices and ENSO index based
on period or frequency. Torrence and Compo (1998)
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FIGURE 2 Regional average anomalies time series and the
fitted trend lines for intensity and frequency indices over
1950-2018.

pointed out that the choice of a wavelet basis function
was crucial, but it depended on the type of analysed data.
The Morlet wavelet function is a complex sine-shaped
Gaussian function, mostly employed with climate data,
for example, by Yi and Shu (2012) and Ruwangika et al.
(2020). We adopt it to derive the continuous wavelet
transform of intensity and frequency indices' time series.
Their significance correlation is assessed by using the
wavelet coherence method. We use the R package ‘biwa-
velet’ (Tarik et al., 2018) to conduct this method.

2.42 | Trend calculation

We use trend analysis to quantify long-term changes over
1950-2018. As in Randriamarolaza et al. (2021), we use
the Sen's slope method (Sen, 1968), implemented by
Zhang et al. (2000) to calculate station-by-station and
regional index trends and their confidence intervals. This
approach is applied to observational time series, individ-
ual model simulations, CTL runs and multi-model
ensemble mean with ALL, GHG, ANT and NAT forcings.
The method is applied for each grid point to have spatial
distribution of indices trends. The R package ‘zyp’,
(Bronaugh & Werner, 2019), method, is used for calcula-
tion. This package has been employed in many articles
such as Barry et al. (2018), Yosef et al. (2019, 2020) and
Randriamarolaza et al. (2021). Besides, trends’ sign com-
parison was done between multi-model ensemble mean
and each model simulation. Then we filtered the grid
points where 75% of model simulations under ALL,
GHG, ANT and NAT forcings had the similar trends’ sign
and significant at 0.05 level than in multi-model ensem-
ble mean under ALL forcing (see Figures 2 and 3).

2.43 | Standard optimal fingerprinting

The standard optimal fingerprinting method proposed by
Allen and Tett (1999) and Allen and Stott (2003) with
generalized linear regression Equation (1) is expressed as

Y=(X-v)p+se, (1)

where Y is observations, X is multi-model ensemble
mean, v is internal variability which is due to the interac-
tion between atmosphere and ocean (Dima et al., 2005),
is scaling factor and e is regression residual. It is used to
quantify influences from external forcing. The amplitude
of scaling factor measures presence or absence of signals
in the observations. However, uncertainty arises mainly
from quantification of internal climate variability of the
climate system. Mostly, control simulations of climate
models are used to assess the internal climate variability
(Curry & Webster, 2011). Therefore, two independent
noises from CTL runs are used to obtain the best estimate
of scaling factors and their 5%-95% uncertainty levels
(i.e., confidence intervals at 0.05 level) and to run the
residual consistency check (RCC). RCC is performed to
test the hypothesis if model simulation internal variabil-
ity is consistent with observations. According to Stott
et al. (2011), Dong et al. (2018) and Dileepkumar et al.
(2018), if the best estimate of scaling factor and their
uncertainty are greater than zero, we detect the influence
of forcing. Besides, if the best estimate of scaling factor is
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FIGURE 3 Wavelet coherence between intensity and frequency indices and ENSO events over 1950-2018. The bold contours represent
a significant area at level 0.05 against red noises and right (left) arrows indicate if their direction is in phase (anti-phase). The cone of
influence indicates where the effect of edge is important. Cor. coef. means correlation coefficient. [Colour figure can be viewed at

wileyonlinelibrary.com]

consistent with the unit (i.e., scaling factor uncertainty
interval contains the unit), we attribute an observed
change to this forcing.

Ribes et al. (2013) developed an alternative to the
standard optimal fingerprinting method called ‘ Regular-
ized Optimal Fingerprinting (ROF)’. ROF method avoids
the use of a truncated Empirical Orthogonal Function
(EOF) projection to estimate the scaling factor p in the

Equation (1). This method was used by Ribes et al.
(2013), Wan et al. (2014), Lo et al. (2016) and Dileepku-
mar et al. (2018). It is implemented in the R Package
ECOF-V1, which stands for Environment Canada's Opti-
mal Fingerprint coded by Feng Yang (https://www.wcrp-
climate.org/ictp-2014-tutorials. Accessed August 2, 2020),
adapting the original code used in Ribes et al. (2013). We
carry out single-signal and two-signal analyses by using

35UBD| 7 SUOWILLIOD 9A a1 3ol [dde ayy Ag pausenob afe sajpie YO ‘s JO Sa|nJ 1o} Akeiq 1T auluQ A8 I UO (SUO N IPUOD-PUR-SLLIBI/W0D AS 1M Aelq 1 BUTUO//SANL) SUORIPUOD pue SW | 83 39S *[9202/T0/62] U0 ARlg1TauluQ A3|IM ‘(Pepiues ap OLBISIUIA) UOKIACLY [RUOHEN aURIY00D UsiUeds AQ G908 00(/200T 0T/I0p/od A3 1m A ReIq 1 puluo S/ SANY WOJ) papeojumod ‘g ‘€202 '8800L60T


https://www.wcrp-climate.org/ictp-2014-tutorials
https://www.wcrp-climate.org/ictp-2014-tutorials
http://wileyonlinelibrary.com

3914 International Journal RMetS

RANDRIAMAROLAZA ET AL.

of Climatology

TABLE 5 Regional trends with its confidence intervals (in brackets) in the observations (OBS) and multi-model ensemble mean

responses on anthropogenic-plus-natural (ALL), greenhouse gases (GHG) forcings over 1950-2018

Decadal trends (confidence interval)

ALL

0.15 (0.12;0.19)
0.16 (0.13;0.19)
0.20 (0.16;0.25)
0.21 (0.17;0.26)

—2.17 (=2.54;—1.80)
—2.24 (=2.62;—1.84)

5.54 (1.20;2.65)
4.02 (2.78;5.25)

GHG

0.17 (0.16;0.20)
0.17 (0.15;0.19)
0.20 (0.18;0.21)
0.22 (0.20;0.24)

—2.36 (=2.58;—2.17)
—2.28 (=2.51;—2.08)

4.42 (3.49;5.29)
3.72 (3.01;4.64)

Index Units OBS

TNn °C/10 years 0.29 (0.19,0.39)

TXn °C/10 years 0.11 (0.00;0.22)

TNx °C/10 years 0.24 (0.11;0.36)

TXx °C/10 years 0.23 (0.07;0.36)
TN10P %/10 years —1.52 (—-1.90;-1.18)
TX10P %/10 years —1.31 (—1.72;-0.86)
TN9OP %/10 years 3.01 (1.84;4.28)
TX90P %/10 years 2.38 (1.27;3.49)
TN1P days/10 years —0.79 (—1.12;—0.49)
TX99P days/10 years 0.82 (0.17;1.54)

Note: Bold face indicates significant trends at 0.05 level.

the ROF method with Total Least Squares (TLS) regres-
sion as implemented in this package. On the one hand,
the single-signal analysis performs the regression of the
observations against the multi-model ensemble mean
responses to ALL, GHG, ANT and NAT forcings, respec-
tively. The objective is to check if the influence of each
forcing can be detected in the observed changes. On the
other hand, the two-signal analysis objective is to detect
if the influence of ANT and NAT can be separated in
presence of other signals. We use the 5-year moving aver-
ages of the regional anomaly time series of the observa-
tions and multi-model ensemble mean with ALL, GHG,
ANT, NAT and CTL runs to carry out the D&A analysis
over 1950-2018. This approach was used by Lu et al
(2018) to reduce data dimensionality.

3 | RESULTS
3.1 | Observed changes in extremes

Figure 2 shows regional indices anomalies and their
trends. The changes in regional temperature extremes are
significant at 0.05 level and in agreement with warming.
Changes in intensity indices are similar except for TXn
from 1950 to 2018. However, TNx and TXx increase at a
faster rate than TNn and TXn. Warm-frequency events
(i.e., indices related to maximum temperature) increase
and cold-frequency events (i.e., indices related to mini-
mum temperature) decrease. Similar as pointed out by
Randriamarolaza et al. (2021), warm frequency events
are changing with a faster rate than cold frequency
events (see Figure 2). Observations' trend values ascertain

—0.89 (~1.09;—0.72)
1.09 (0.50;1.67)

—1.05 (~1.25;—0.85)
1.25 (0.73;1.97)

these results (see Table 5). On the one hand, Figure 3
shows that intensity indices associated with minimum
temperature are mostly correlated to ENSO events and
they are in phase. This correlation may explain the peak
of TNn around 1997/1998. On the other hand, frequency
indices are mostly in phase with ENSO events except the
TN9OP, TN10P and TN1P (see Figure 3). On the other
hand, intensity and frequency are well correlated to mini-
mum and maximum temperatures at a 0.05 significance
level, except for TXn (see Table 6). The cold nights
(TN10P) and warm days (TX90P) have the highest corre-
lation coefficients with minimum and maximum temper-
atures, respectively. Moreover, TN10P (TX90P) and
minimum temperature (maximum temperature) evolve
in the opposite direction (similar direction). However,
the minimum and maximum temperatures only explain
76% and 82% of the variance of TN10P and TX90P,
respectively.

3.2 | Spatial and temporal patterns in
observations and simulations

Tables 5 and 7, presented in the previous section, shows
also the regionally averaged trends for ALL, GHG, ANT
and NAT forcings. On the one hand, trends of the multi-
model ensemble mean under ALL, GHG and ANT forc-
ings agree in sign and significance at 0.05 level with OBS,
although OBS trends are mainly larger and smaller for
intensity and frequency indices, respectively. We may
explain this situation using Figure 4, which shows the
Taylor diagrams (Taylor, 2001) and combines three
parameters (standard deviation, root-mean-square [RMS]
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TABLE 6 Correlation between temperature extremes and yearly mean of the minimum and maximum temperatures with 95%

confidence interval.

Yearly mean of minimum temperature

Yearly mean of maximum temperature

Coefficient of Coefficient of Coefficient of Coefficient of
Index correlation determination correlation determination
TNn 0.74 [0.61;0.83] 55% 0.64 [0.48;0.76] 41%
TXn 0.42 [0.20;0.60] 18% 0.48 [0.28;0.65] 23%
TNx 0.74 [0.61;0.83] 55% 0.74 [0.60;0.86] 54%
TXx 0.73 [0.60;0.82] 53% 0.78 [0.66;0.86] 60%
TN1OP  —0.87 [—0.92;—0.80] 76% —0.78 [-0.86;—0.66] 60%
TX10P  —0.77 [-0.85;—0.66] 60% —0.81 [—0.88;-0.71] 66%
TN9OP  0.86 [0.79;0.91] 75% 0.85 [0.77;0.90] 72%
TX90P  0.84 [0.75;0.90] 70% 0.90 [0.85;0.94] 82%
TNIP  —0.74 [—0.83;—0.61] 55% —0.66 [—0.78;—0.50] 44%
TX99P  0.66 [0.51;0.78] 44% 0.72 [0.58;0.82] 52%
;roiflfdti;ntjriisrgi ::;ise:gti ittie Decadal trends (confidence interval)
multi-model ensemble mean responses Index Units ANT NAT
on anthropogenic (ANT) and natural TNn °C/10 years 0.17 (0.14:0.19) 0.01 (—0.02;0.04)
(NAT) forcings over 1950-2018. TXn °C/10 years 0.17 (0.15:0.20) 0.01 (=0.03:0.05)
TNx °C/10 years 0.19 (0.16;0.21) 0.01 (=0;02;0.04)
TXx °C/10 years 0.21 (0.18;0.25) 0.00 (—0.03;0.04)
TN10P %/10 years —2.22 (-2.58;—2.17) 0.01 (=0.21:0.88)
TX10P %/10 years —2.27 (—2.50;—2.03) 0.02 (~0.25:0.30)
TN9OP %/10 years 4.85 (3.85;5.84) —0.11 (—0.53;0.63)
TX90P %/10 years 4.07 (3.25;4.91) —0.37 (-0.71;—-0.05)
TN1P days/10 years —0.99 (—1.16;—0.80) 0.06 (—0.08:0.20)
TX99P days/10 years 1.45 (0.94;2.05) —0.15 (—0.31;0.00)

Note: Bold face indicates significant trends at 0.05 level.

difference and correlation coefficient) to match patterns
between OBS and multi-model ensemble mean responses
on ALL, GHG, ANT and NAT forcing. The amplitudes of
variation (standard deviations) of OBS are greater and
lower than multi-model ensemble means under ALL,
GHG and ANT forcings for intensity and frequency indi-
ces, respectively. For instance, the coldest (warmest) day
and night of the multi-model ensemble mean with ALL,
GHG and ANT are less (well) correlated with OBS and
have high (low) RMS. Their spatial interpolation of
trends (Figures 5 and 6) indicates that more individual
model simulations are in concordance with the multi-
model ensemble mean for the warmest day and night
compared to the coldest day and night. Besides, fre-
quency indices of the multi-model ensemble mean with
ALL, GHG and ANT forcings are well correlated with
OBS. Nevertheless, warm events (TN90P, TX90P and

TX99P) are more scattered than cold events (TN1O0P,
TX10P and TN1P) of the multi-model ensemble mean
with ALL, GHG and ANT forcings. In general, OBS
changes are consistent with the multi-model ensemble
mean responses on ALL, GHG and ANT forcings (see
Figures 5 and 6). However, individual model and multi-
model ensemble mean responses on ALL, GHG and ANT
show discrepancies for some very extreme indices such as
TN1P and TX99P. The North Western (NW) region is the
hottest area in Madagascar and, in this region, the fre-
quency of TXn and TX10P decrease and increase, respec-
tively (see Figure 5). This situation is the opposite of the
global warming effect. Therefore, it may be due to micro-
climate effects or to the homogeneity aspect and missing
data filling in climate data records. On the other hand,
the multi-model ensemble mean under NAT forcing
trends are non-significant except for TX90P, with the
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ALL GHG e ANT e NAT

FIGURE 4 Taylor diagrams of intensity and frequency indices. The square on the x-axis indicates OBS considered as a reference. Dots
indicate the 5-year mean regional of multi-model ensemble members under ALL, GHG, ANT and NAT forcings. Concentric circles from
OBS and origin represent centred root-mean-square (RMS) difference and standard deviation, respectively. Radial axis indicates the
correlation coefficients between OBS and ensemble member. [Colour figure can be viewed at wileyonlinelibrary.com]
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FIGURE 5 Spatial distribution trends over 1950-2018 of intensity and frequency indices related to minimum temperature in the
observation and multi-model ensemble mean responses to ALL, GHG, ANT and NAT forcings. Crosses mark the agreement of at least 75%
of the model simulations on the trends' significance at 0.05 level and sign with multi-model ensemble mean. [Colour figure can be viewed at
wileyonlinelibrary.com]|
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FIGURE 6 Spatial distribution trends over 1950-2018 of intensity and frequency indices related to maximum temperature in the
observation and multi-model ensemble mean responses to ALL, GHG, ANT and NAT forcings. Crosses mark the agreement of at least 75%
of the model simulations on the trends' significance at 0.05 level and sign with multi-model ensemble mean under ALL forcing. [Colour

figure can be viewed at wileyonlinelibrary.com]

85UB0| 7 SUOLIWOD BA 181D 3|qea! (dde sy Ag peusenob a.e sajone YO ‘8sn Jo Sejn 10} ARig1 8U1IUO A1 UO (SUONIPUOD-PUe-SLUBI W0 A8 |IM"Akelq 1 Buluo//SANY) SUONIPUOD pue swis | a1 89S [920z/T0/62] U0 ARig1Tauluo A3|IM ‘(Pepiues ap OLBISIUIA) UOSIAOIG [eUOTIEN 8URIL0D Usiueds Aq §90800(/200T 0T/I0p/Wiod" 8| IM Aeiq iUl U SIBW//:Sdny o) papeojumod ‘g ‘€202 ‘8800£60T


http://wileyonlinelibrary.com

RANDRIAMAROLAZA ET AL.

International Journal RMetS

opposite sign to the other time series. Figure 4 shows any
variation compared to OBS. Beyond this, any individual
model under NAT forcing agrees with the multi-model
ensemble mean under ALL forcing on indices trend sign
and significance. Figure 6 shows a similar situation with
ANT forcing related to intensity and frequency indices
associated with maximum temperature. This is due to
small numbers of individual models. Figure 7 represents
the 5-year moving averages of the regional anomaly time
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FIGURE 7
time series of the observational and multi-model ensemble

5-year moving averages of the regional anomaly

simulations. Shaded area show 5%-95% confidence interval of the
selected model simulations. [Colour figure can be viewed at
wileyonlinelibrary.com]

of Climatology

series of the observational and multi-model ensemble
means with ALL, GHG, ANT and NAT forcings over
1950-2018. Regional average anomaly time series of OBS
are mainly included in the model simulation ranges
(i.e., 5%-95%), especially for ALL, GHG and ANT forc-
ings. On the contrary, the regional multi-model ensemble
mean response on NAT forcing anomaly time series oscil-
late around the mean (see Figure 7).

3.3 | Detection and attribution results
The single-signal analysis result is shown in Figure 8. It
indicates that the intensity and frequency indices' scaling
factors and lower limits of confidence intervals are
greater than zero under ALL, GHG and ANT forcings.
Therefore ALL, GHG and ANT influences are detected.
Notice that observed changes are attributed to an exter-
nal forcing if its influence is detected and the confidence
interval of a corresponding scaling factor includes the
unit. As ALL and ANT are composed by different forcing,
single-signal analysis highlights this combined effect. On
the one hand, observed changes of TXx, TNn, TN10P,
TX10P, TN9OP and TX90P are not attributed to ALL forc-
ing. On the other hand, similar results are observed with
ANT forcing except for TXx and TN10P. However, most
observed changes are attributed to GHG forcing except
for TNn and TX10P. Besides, observed changes of TNx,
TXn, TN1P and TX99P are attributed to all external forc-
ing except NAT. However, any external forcing is attrib-
uted to TNn and TX10P. Most RCC tests fail for NAT
forcing except for TXx. It means that NAT forcing is
inconsistent with observed changes.

We perform a two-signal analysis with ANT and NAT
forcings to determine whether their influence can be
detected separately. Figure 9 ascertains that NAT and ANT
influences are detected for TXx and its observed changes
are attributed only to ANT forcing. It also displays that
observed changes of TNx, TN10P and TX99P are attributed
to ANT forcing. On the contrary to single-signal analysis,
observed changes of TX90P are attributed to ANT forcing.
Moreover, observed changes of TNn, TXn and TN1P are
inconsistent with ANT and NAT forcings. The other indices
are consistent with NAT forcing even if NAT influence is
not detected. In a nutshell, most observed changes are
attributed to GHG and ANT forcings.

4 | DISCUSSION AND
CONCLUSIONS

This article presents for a very first time a D&A analysis
for Madagascar. Our results demonstrate that on the one
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FIGURE 8 Single-signal analysis of best estimates of scaling factors (dots) and their 5%-95% uncertainty levels (bars) from multi-model
ensembles under ALL, GHG, ANT and NAT forcings. If the residual consistency check (RCC) is failed or no detection found (scaling factor
is less than zero), bars are missing. [Colour figure can be viewed at wileyonlinelibrary.com]

Two-signal analysis over 1950-2018
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FIGURE 9 Two-signal analysis of best estimates of scaling factors (dots) and their 5%-95% uncertainty levels (bars) from multi-model
ensembles under ANT and NAT forcing. If the residual consistency check (RCC) is failed or no detection found (scaling factor is less than

zero), bars are missing. [Colour figure can be viewed at wileyonlinelibrary.com]
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hand, regional and station-by-station trends in intensity
and frequency indices point to the effects of global warm-
ing in Madagascar. Moreover, regional intensity and fre-
quency indices are influenced by ENSO events,
particularly indices associated with minimum tempera-
ture. On the other hand, observational and multi-model
ensemble simulations with ALL, GHG and ANT forcings
are well-matched in terms of regional intensity and fre-
quency indices. Almost similar patterns are observed
between OBS and multi-model ensemble members with
ALL, GHG and ANT forcings, particularly for frequency
indices, based on the Taylor diagram. However, any rela-
tionship found between OBS and multi-model ensemble
members with NAT forcing. Spatial distribution of trends
in intensity and frequency indices ascertain these find-
ings. The ROF method demonstrates that the observed
changes of intensity and frequency indices are mostly
influenced by ALL, GHG and ANT forcings. Moreover,
observed changes are mainly attributed to ANT and GHG
forcings. Any observed changes in intensity and fre-
quency indices are influenced by NAT forcing.

The state-of-the-art on D&A analysis recommends
using a high-quality observational dataset (Coumou &
Rahmstorf, 2012), so we used quality-controlled and
homogenized observations of daily minimum and maxi-
mum temperatures (Randriamarolaza et al., 2021).
According to Zhai et al. (2018), uncertainties might come
from methods' selection in D&A analysis. In this article,
we applied the standard optimal fingerprinting method by
using ROF with TLS regression to drive single-signal and
two-signal analyses against ALL, GHG, ANT and NAT
forcings. ROF method used an inverse of the covariance
matrix avoiding projection steps, providing improved accu-
racy (see Ribes et al.,, 2013). As underlined by Hannart
et al. (2014), errors might arise from internal variability,
model error or observational error in D&A analysis. They
suggested that if all errors shared the same covariance,
TLS was the best statistical method to perform D&A analy-
sis. Nevertheless, the robustness of results was based on
model simulations and statistical methods used as pointed
out by Hegerl and Zwiers (2011) and Zhai et al. (2018). In
this article, we selected model simulations, which contrib-
uted to the IPCC AR6 from the CMIP6 archive. Model
simulations had similar initialization methods, perturbed
physics and forcing, but they had different realizations.
We built multi-model ensemble mean responses on forc-
ing to overcome uncertainties. Before assessing D&A anal-
ysis, we analysed the relationship between indices and
ENSO events. Moreover, we compared CMIP6 ensemble
members under ALL, GHG, ANT and NAT forcings with
observations using the Taylor diagram method. Finally,
we made spatial and temporal comparisons between
observed and model simulation trends over 1950-2018.

of Climatology

Our findings are consistent with those for the global
and regional scales. The observed indices trends were
consistent with our previous analysis (Randriamarolaza
et al., 2021). However, this article was completed with a
brief assessment of ENSO's influence on indices by using
wavelet coherence method. As underlined by Dong et al.
(2018) for Asia, warm event changes were also more pro-
nounced after the 1980s. On the other hand, the influ-
ence of external forcing was detectable in observations
for intensity and frequency indices in temperature
extremes over 1950-2018 in Madagascar. Mostly,
observed changes of intensity and frequency indices were
attributed to GHG and ANT forcings. These results were
mostly consistent with Global and Europe results over
1961-2010 and Asia results over 1958-2012 found by
Christidis and Stott (2016) and Dong et al. (2018), respec-
tively. However, the influence of GHG forcing on TNn
and TXn were not detected in Europe. The influence of
ALL forcing on TNx, TXx, TNn and TXn were not credi-
ble in Asia for lower and higher latitudes, respectively.
Moreover, regional average index trend behaviours were
comparable to Globally and European average index
trends in Christidis and Stott (2016). For percentile-based
indices, Morak et al. (2013) found similar warming trends
by telling that TX10P, TX90P, TN10P and TN90OP
decreased and increased over 1951-2013, respectively.
These observed changes were influenced by external forc-
ing at 5% level. Noticed that Morak et al. (2013) and
Christidis and Stott (2016) did not adopt a multi-model
approach but they employed indices directly with optimal
fingerprinting method. Nevertheless, Min et al. (2013)
and Kim et al. (2016) employed a multi-model approach,
but they transformed variables to probability-based index
before applying standard optimal fingerprinting methods.
They found that observed changes of TXn, TXx, TNn and
TXx were influenced by external forcing. Then Kim et al.
(2016) observed that CMIP5 models agreed better with
observed changes in TNx and TXx than the previous
study with CMIP3. We also found similar agreement
between CMIP6 models and observed changes, especially
for frequency indices in Madagascar.

We recognize, as a setback of this article, that we did
not evaluate model performance at regional levels. More-
over, individual model numbers might be insufficient.
However, we selected ensemble members with similar
initialization methods, perturbed physics and forcing.
Besides, index regional time series of OBS, ALL, GHG,
ANT and NAT forcings were compared to capture their
evolution (see Figures 6 and 7). But we might add the vali-
dation of models against observation as adopted by Otto
et al. (2013) to improve our results. Therefore, this research
might be improved by tackling these gaps issues and imple-
menting standard optimal fingerprinting methods with a
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probability-based index or extreme value theory. We might
also extend the study with other indices (e.g., indices related
to precipitation). However, it was important to think about
how to apply these findings on real time to assess actual
risks by connecting them to sector impacts such as agricul-
ture, health and so on.
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