
https://doi.org/10.1088/1748-9326/ac1d0b
https://iopscience.iop.org/article/10.1088/2053-1591/aacdb4
https://iopscience.iop.org/article/10.1088/2053-1591/aacdb4
https://iopscience.iop.org/article/10.1088/2053-1591/aacdb4
https://iopscience.iop.org/article/10.1088/2053-1591/aacdb4
https://iopscience.iop.org/article/10.1088/2053-1591/aacdb4
https://iopscience.iop.org/article/10.1149/1.3599420
https://iopscience.iop.org/article/10.1149/1.3599420
https://iopscience.iop.org/article/10.1149/1.3599420
https://iopscience.iop.org/article/10.1149/1.3599420
https://iopscience.iop.org/article/10.1149/1.3599420
https://iopscience.iop.org/article/10.1149/1945-7111/ab68d1
https://iopscience.iop.org/article/10.1149/1945-7111/ab68d1
https://iopscience.iop.org/article/10.1149/1945-7111/ab68d1
https://iopscience.iop.org/article/10.1149/1945-7111/ab68d1
https://googleads.g.doubleclick.net/pcs/click?xai=AKAOjsvECOoN86hb6DcJmhRX0aOp9XkuFDm87MsEYJkS8M1ixkhJ-vlbb0P_8Do8l430uMQ-XJ-K815uJNxsedT--FWHc4kZpr6eH23mZ8XTXhHDeT_EBcgNRWkkKY325KaZGQrOEpuRpiFBkOmHMHTSh6Qt_gRPzp8YrXD3v5Z5Wa90NgSEL_oV0zfybA9GQ4HuCSnOmowwfqIoS5qz49247Cm0erkj2tYJuBRoF-r_43gKrXBP386wEc0ULcUwr1roQkF05XtA0RF7kfgc2rT_XSPtfkU1L1l293JsR9pS6xFVel30y4QX&sai=AMfl-YQYP7SMGl4ki9dnTlFP0hO3de2XXdJGXZD_oPTtLQbHUKt9vtcYIOW2hszsPL2Q8pjA8-E1IKdXyJC4bPFpovCLFCQ-GZqvDQ&sig=Cg0ArKJSzOALO-OfAWeI&fbs_aeid=%5Bgw_fbsaeid%5D&adurl=https://www.owlstonemedical.com/breath-biopsy-complete-guide/%3Futm_source%3Djbr%26utm_medium%3Dad-b%26utm_campaign%3Dbb-guide-bb-guide%26utm_term%3Djbr


https://doi.org/10.1088/1748-9326/ac1d0b
https://crossmark.crossref.org/dialog/?doi=10.1088/1748-9326/ac1d0b&domain=pdf&date_stamp=2021-9-6
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0001-9405-1228
https://orcid.org/0000-0002-5081-776X
https://orcid.org/0000-0001-8514-4748
https://orcid.org/0000-0003-1355-2827
https://orcid.org/0000-0002-9195-6731
mailto:kikstra@iiasa.ac.at




https://github.com/openmodels/MimiPAGE2020.jl
https://github.com/openmodels/MimiPAGE2020.jl












https://zenodo.org/record/3907851
https://zenodo.org/record/3907851
https://doi.org/10.5281/zenodo.3907851
https://doi.org/10.5281/zenodo.3907851


https://github.com/openmodels/MimiPAGE2020.jl
https://github.com/openmodels/MimiPAGE2020.jl
https://zenodo.org/record/5081138#.YRTfXa9Khyw
https://zenodo.org/record/5081138#.YRTfXa9Khyw






Environ. Res. Lett. 16 (2021) 094037 J S Kikstra et al

Table A1. Impact of a parameter increase by one standard deviation on the 2020 SCCO2 based on the default PAGE-ICE model for
SSP2-4.5 (deterministic run). The SCCO2 impact is calculated as the difference between the SCCO2 for the mean of the respective
parameter’s Monte Carlo distribution and the SCCO2 for a parameter value equal to the mean value decreased by one standard
deviation, while all other parameters remain at their default value. Only parameters with an absolute SCCO2 impact of at least $2 are
displayed here.

Model parameter Impact on the SCCO2 in 2020 ($2015)

1 tcr_transientresponse 100.88
2 ptp_timepreference −63.29
3 frt_warminghalflife 35.77
4 impf_coeff_lin −31.06
5 a1_percentco2oceanlong 26.78
6 pow_NonMarketExponent 23.51
7 emuc_utilityconvexity −22.63
8 w_NonImpactsatCalibrationTemp 21.84
9 ampf_amplification_Africa 13.68
10 tcal_CalibrationTemp −12.15
11 iben_NonMarketInitialBenefit 9.21
12 stay_fractionCO2emissionsinatm 8.84
13 ampf_amplification_SEAsia 6.61
14 ipow_NonMarketIncomeFxnExponent 5.91
15 sltau_SLresponsetime −4.32
16 W_SatCalibrationSLR 4.16
17 pow_SLRImpactFxnExponent 4.12
18 sltemp_SLtemprise 4.05
19 rtl_abs_0_realizedabstemperature_Africa 3.73
20 ind_slopeSEforcing_indirect 2.77
21 ipow_MarketIncomeFxnExponent 2.71
22 t2_timeco2oceanshort 2.67
23 rtl_abs_0_realizedabstemperature_SEAsia 2.16

Table A2. Impact of a parameter decrease by one standard deviation on the 2020 SCCO2 based on the default PAGE-ICE model for
SSP2-4.5 (deterministic run). The SCCO2 impact is calculated as the difference between the SCCO2 for the mean of the respective
parameter’s Monte Carlo distribution and the SCCO2 for a parameter value equal to the mean value decreased by one standard
deviation, while all other parameters remain at their default value. Only parameters with an absolute SCCO2 impact of at least $2 are
displayed here. Note that a one standard deviation decrease in the tolerable temperature before a discontinuity occurs triggers the
discontinuity in this particular case, thus leading to a substantial increase in the SCCO2.

Model parameter Impact on the SCCO2 in 2020 ($2015)

1 tdis_tolerabilitydisc 617.53
2 ptp_timepreference 104.61
3 tcr_transientresponse −82.96
4 emuc_utilityconvexity 52.43
5 frt_warminghalflife −34.02
6 impf_coeff_lin 31.19
7 a1_percentco2oceanlong −27.95
8 w_NonImpactsatCalibrationTemp −21.64
9 pow_NonMarketExponent −20.11
10 tcal_CalibrationTemp 14.99
11 ampf_amplification_Africa −12.77
12 iben_NonMarketInitialBenefit −9.19
13 stay_fractionCO2emissionsinatm −9.04
14 ampf_amplification_SEAsia −6.30
15 sltemp_SLtemprise −5.88
16 ipow_NonMarketIncomeFxnExponent −5.01
17 W_SatCalibrationSLR −4.14
18 sltau_SLresponsetime 3.93
19 rtl_abs_0_realizedabstemperature_Africa −3.73
20 pow_SLRImpactFxnExponent −3.58
21 ind_slopeSEforcing_indirect −3.13
22 t2_timeco2oceanshort −2.81
23 rtl_abs_0_realizedabstemperature_SEAsia −2.15
24 ipow_MarketIncomeFxnExponent −2.07
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Table B1. Results for the baseline regression model by Burke et al (2015) for various numbers of temperature lags. Each regression
model further contains precipitation, country, and year fixed effects as well as country-specific time trends. Following Burke et al
(2015), the regression model containing k temperature lags also features k precipitation lags. Here we only report the coefficients for
temperature variables that factor into our estimates of damage persistence.

(1) (2) (3) (4) (5) (6)
GDPpc
Growth

GDPpc
Growth

GDPpc
Growth

GDPpc
Growth

GDPpc
Growth

GDPpc
Growth

Temperature 0.0127∗∗∗ 0.0136∗∗∗ 0.0106∗∗ 0.00 949∗∗ 0.00 933∗ 0.00 920∗

(3.36) (3.64) (3.00) (2.65) (2.49) (2.50)
Temperature
squared

−0.000 487∗∗∗
(−4.11)

−0.000 517∗∗∗
(−4.33)

−0.000 456∗∗∗
(−3.97)

−0.000 441∗∗∗
(−3.75)

−0.000 446∗∗∗
(−3.62)

−0.000 459∗∗∗
(−3.87)

L.Temperature −0.00 674 −0.00 413 −0.00 549 −0.00 578 −0.00 459
(−1.56) (−1.10) (−1.35) (−1.43) (−1.36)

L2.Temperature −0.00 613 −0.00 638 −0.00 681 −0.00 698
(−1.63) (−1.76) (−1.86) (−1.95)

L3.Temperature −0.00 143 −0.000 885 −0.000 993
(−0.57) (−0.31) (−0.38)

L4.Temperature −0.00 111 −0.00 214
(−0.42) (−0.82)

L5.Temperature 0.00 176
(0.37)

L.Temperature
squared

0.000 244∗

(2.01)
0.000 206
(1.81)

0.000 240
(1.95)

0.000 245
(1.97)

0.000 228∗

(2.03)
L2.Temperature
squared

0.000 123
(1.14)

0.000 126
(1.22)

0.000 133
(1.28)

0.000 146
(1.43)

L3.Temperature
squared

−0.0000 509
(−0.59)

−0.0000 779
(−0.78)

−0.0000 882
(−0.92)

L4.Temperature
squared

0.000 101
(1.01)

0.000 143
(1.35)

L5.Temperature
squared

−0.0000 658
(−0.43)

Resulting ρ 100% 52.81% 27.82% 28.36% 10.25% 20.81%
5th Monte
Carlo
percentile

— 0.55% −73.40% −101.57% −143.72% −94.44%

95th Monte
Carlo
percentile

— 91.34% 87.77% 106.52% 94.79% 93.10%

N 6584 6519 6398 6277 6155 6031
bic −19 806.5 −19 677.9 −19 377.4 −19 125.8 −18 744.0 −18 400.4
ll 10 127.4 10 080.4 9942.9 9829.6 9655.6 9500.5

t statistics in parentheses. Standard errors are clustered at the country level.
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001.

out high frequencies in temperature and precipit-
ation is statistically beneficial because it does not
require additional lag coefficients to be estimated
and is therefore less susceptible to noise and multi-
collinearity if longer time horizons are considered.
Therefore, Bastien-Olvera and Moore suggest com-
paring the estimated marginal impacts for different
minimum periodicities to explore if growth impacts
of temperature shocks intensify, remain constant, or
converge over time.

To derive an estimate of persistence which we can
compare with our results, we apply such a low-pass
filter to the temperature and precipitation observa-
tions in the data by Burke et al (2015) for a minimum

periodicity of 3, 5, and 10 years, respectively. Fol-
lowing Bastien-Olvera and Moore (2021), we discard
countries with less than twice the minimum period-
icity (2× 10= 20) of subsequent temperature/pre-
cipitation observations for the filtering to work. This
reduces the overall number of country-year records in
the data only slightly, from 6584 to 6535. Figure B6
illustrates the effect of the low-pass filter for selec-
ted countries that are closely aligned with the model
regions of PAGE-ICE. We then regress GDP per cap-
ita growth on the low-pass filtered climate variables
using the main specification by Burke et al (2015)
and, similar to the lag-based procedure, calculate the
implied persistence for the 3 year, 5, year and 10 year
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Figure B5. The effects of the damage persistence parameter ρ on regional GDP levels for different model years for SSP2-4.5 runs.
Lines represent the Monte Carlo mean values, while the shaded areas represent the 5th–95th percentile.

filter by dividing the asymptotic marginal impact
of the respective regression by the marginal impact
of the model without filtering. Note that as this
involves comparing the estimates returned by two dif-
ferent regression models (based on either unfiltered

or filtered climate variables) the empirical persistence
distribution cannot be derived from the variance-
covariance matrix of a single regression. To overcome
this, we draw with replacement from country clusters
to create 5000 bootstrap samples following Burke et al
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Table B2. Regressing GDP per capita growth in the Burke et al (2015) data on low-pass filtered climate variables.

(1) (2) (3) (4)
Unfiltered 3 year filter 5 year filter 10 year filter

Temperature 0.012 933∗∗∗ 0.012 211∗∗ 0.009 065 0.009 761
(3.41) (2.79) (1.71) (0.90)

Temperature2 −0.000 490∗∗∗ −0.000 436∗∗ −0.000 299 −0.000 258
(−4.11) (−3.24) (−1.88) (−0.95)

Resulting ρ 100.00% 89.00% 61.09% 52.72%
5th percentile — 69.33% 9.36% −60.29%
95th percentile — 102.40% 91.38% 118.25%
N 6535 6535 6535 6535
BIC −19 634.1 −19 632.5 −19 620.8 −19 615.5
ll 10 045.5 10 040.3 10 034.4 10 031.8

t statistics in parentheses. Standard errors are clustered at the country level.

Percentiles are estimated via 5000 cluster bootstrap samples.
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001.

Author’s calculations based on the data provided by Burke et al (2015).

Figure B7.Mean SCCO2 based on 50 000 Monte Carlo
under different methodologies to estimate the persistence
distribution for SSP2-4.5. The blue bar marks our default
setting.

purchasing power parity (PPP), was above or below
the sample median. We then repeat our main lag-
based approach to estimate persistence separately for
each of these income-based subsamples and display
the results in tables B3 and B4.

Since subsampling approximately halves the
sample size, overall statistical power is diminished.
Standard errors increase considerably for all numbers
of lags under consideration. In particular, the coef-
ficients on the first temperature lag are no longer
statistically significant for either of the two sub-
samples. For both income groups, the signs of the

1st lag is opposite to the sign of the immediate tem-
perature impact, suggesting less than full persistence.
The point estimates for the persistence parameter
ρ in the poorer and richer subsample are 42.48%
and 61.97%, respectively. When two or more lags are
used, the persistence estimate for the below-median
sample becomes negative while the estimate for the
richer subsample remains positive ,but much closer
to zero. However, Monte Carlo experiments show
that estimates for ρ vary considerably and even when
using one lag only, the 5th Monte Carlo percentiles
ranges below zero for the lower- and higher-income
subsamples (at −146.71% and −95.71%, respect-
ively). Regression tables B3 and B4 thus remain
largely inconclusive with respect to whether spatially
heterogeneity should be implemented in the ρ para-
meter. Therefore, we conclude that while there might
very well be regional differences in the actual per-
sistence of climate damages, we do not find clear
evidence in this data set for applying heterogen-
eous persistence under the lag-based approach in our
model.

To explore the possibilities of regional hetero-
geneity in persistence further, we also apply the
low-pass filtering approach outlined above separ-
ately to the income-based subsample of the Burke
et al (2015) data and display the results in tables B5
and B6. Note that we remove countries with less
than 20 temperature-precipitation observations for
the low-pass filtering to work which reduces the
initial sample size slightly. Similar to the lag-based
approach, confidence intervals for the two sub-
samples are considerably wider compared to the full
sample in table B2, reducing t statistics for the indi-
vidual temperature coefficients and increasing the
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Table B3. Results for the baseline regression model by Burke et al (2015) for countries with GDPpc below the median and various
numbers of temperature lags. Each regression model further contains precipitation, country and year fixed effects as well as
country-specific time trends. Following Burke et al (2015), the regression model containing k temperature lags also features k
precipitation lags. Here we only report the coefficients for temperature variables that factor into our estimates of damage persistence.

(1) (2) (3) (4) (5) (6)
GDPpc
Growth

GDPpc
Growth

GDPpc
Growth

GDPpc
Growth

GDPpc
Growth

GDPpc
Growth

Temperature 0.0236 0.0246 0.0096 0.0048 0.0029 −0.0040
(1.34) (1.48) (0.60) (0.32) (0.19) (−0.28)

Temperature
squared

−0.0007
(−1.89)

−0.0007∗
(−2.08)

−0.0004
(−1.25)

−0.0003
(−0.99)

−0.0003
(−0.87)

−0.0002
(−0.51)

L.Temperature −0.0150
(−0.88)

−0.0035
(−0.33)

−0.0049
(−0.46)

−0.0043
(−0.43)

0.0009
(0.10)

L2.Temperature −0.0165
(−0.95)

−0.0180
(−1.01)

−0.0206
(−1.10)

−0.0240
(−1.32)

L3.Temperature 0.0061
(0.65)

0.0049
(0.44)

0.0046
(0.44)

L4.Temperature 0.0021
(0.17)

−0.0020
(−0.18)

L5.Temperature 0.0083
(1.18)

L.Temperature
squared

0.0004
(1.18)

0.0002
(0.93)

0.0003
(1.09)

0.0002
(1.06)

0.0001
(0.69)

L2.Temperature
squared

0.0003
(0.77)

0.0003
(0.82)

0.0004
(0.94)

0.0004
(1.16)

L3.Temperature
squared

−0.0002
(−0.85)

−0.0002
(−0.81)

−0.0002
(−0.83)

L4.Temperature
squared

0.0001
(0.31)

0.0002
(0.77)

L5.Temperature
squared

−0.0003
(−1.59)

Resulting ρ 100.00% 42.48% −16.29% −15.89% −69.83% −94.29%
5th Monte
Carlo
percentile

— −146.71% −894.45% −923.95% −1246.10% −1081.44%

95th Monte
Carlo
percentile

— 135.33% 905.03% 1022.92% 1345.78% 1332.94%

N 3429 3391 3332 3273 3214 3154
bic −9681.9 −9564.9 −9420.3 −9264.0 −9086.2 −8911.6
ll 5048.5 5006.0 4945.4 4882.9 4805.6 4729.7

t statistics in parentheses.
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001.

Author’s calculations based on the data provided by Burke et al (2015).

uncertainty about the persistence level ρ. However,
we see different behavior in filters with larger period-
icity. Point estimates for the higher-income countries
decrease for a larger filter periodicity (from 69.76%
for the 3 year filter to −2.91% for the 10 year fil-
ter in table B6) and even for the 3 year filter, the
bootstrap interval is almost symmetric around zero,
indicating low evidence for persistence. In contrast,
the point estimates for the lower-income subsample
range between 73.29% and 112.45% for different fil-
ter periods (see table B5). Notably, the poorer sub-
set’s 95% bootstrap interval does not include zero
for the 3 year filter and even for the 5 year filter,

88.8% of the 5000 bootstrap samples yield a per-
sistence estimate above zero. Therefore, we conclude
that unlike the lag-based approach, estimating per-
sistence via low-pass filters provides some suggest-
ive evidence that poorer regions might be more vul-
nerable to persistent growth impacts of temperature
shocks.

To illustrate the implications of regional differ-
entiation for the SCCO2, we carry out an additional
robustness check by applying our main persistence
distribution (derived via temperature lag coefficients)
only to the four PAGE-ICE model regions with the
lowest initial GDP per capita in the 2015 base year,
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Table B4. Results for the baseline regression model by Burke et al (2015) for countries with GDPpc above the median and various
numbers of temperature lags. Each regression model further contains precipitation, country and year fixed effects as well as
country-specific time trends. Following Burke et al (2015), the regression model containing k temperature lags also features k
precipitation lags. Here we only report the coefficients for temperature variables that factor into our estimates of damage persistence.

(1) (2) (3) (4) (5) (6)
GDPpc
Growth

GDPpc
Growth

GDPpc
Growth

GDPpc
Growth

GDPpc
Growth

GDPpc
Growth

Temperature 0.0085∗ 0.0092∗ 0.0084∗ 0.0077 0.0074 0.0082∗

(2.22) (2.42) (2.22) (1.97) (1.77) (2.04)
Temperature
squared

−0.0003∗
(−2.16)

−0.0004∗
(−2.24)

−0.0004∗
(−2.23)

−0.0004∗
(−2.18)

−0.0004∗
(−2.11)

−0.0004∗
(−2.43)

L.Temperature −0.0044 −0.0032 −0.0045 −0.0053 −0.0051
(−0.89) (−0.66) (−0.87) (−0.98) (−1.16)

L2.Temperature −0.0067 −0.0065 −0.0062 −0.0069∗
(−1.83) (−1.85) (−1.80) (−2.06)

L3.Temperature −0.0024 −0.0026 −0.0018
(−0.82) (−0.79) (−0.58)

L4.Temperature −0.0006 −0.0008
(−0.23) (−0.27)

L5.Temperature −0.0015
(−0.27)

L.Temperature
squared

0.0001
(0.82)

0.0001
(0.69)

0.0002
(0.84)

0.0002
(0.94)

0.0002
(1.07)

L2.Temperature
squared

0.0002
(1.69)

0.0002
(1.60)

0.0002
(1.40)

0.0002
(1.73)

L3.Temperature
squared

−0.0001
(−0.38)

−0.0000
(−0.13)

−0.0001
(−0.44)

L4.Temperature
squared

−0.0000
(−0.22)

0.0000
(0.00)

L5.Temperature
squared

0.0001
(0.36)

Resulting ρ 100.00% 61.97% 1.21% 12.90% 18.08% 0.22%
5th Monte
Carlo
percentile

— −95.71% −323.86% −391.63% −370.90% −229.34%

95th Monte
Carlo
percentile

— 147.38% 117.18% 148.72% 159.32% 109.67%

N 3155 3128 3066 3004 2941 2877
bic −9923.1 −9894.5 −9721.7 −9606.1 −9396.5 −9228.0
ll 5167.0 5168.6 5093.7 5047.3 4953.8 4880.8

t statistics in parentheses.
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001.

Author’s calculations based on the data provided by Burke et al (2015).

namely China+, India+, Africa+ and Latin America.
Simultaneously we thus assume for this run that
the EU, Russia+, USA and Other OECD regions do
not face alterations from their scenario-based long-
term growth trajectory, though they will still suffer
from contemporary market damages. Figure B8 illus-
trates the relatively small effect of this change, in part
becauseGlobalNorth regions can see opposing effects
of temperature increases. Due to generally slightly

lower damages, the overall mean SCCO2 would be
slightly higher because fewer Monte Carlo runs reach
the maximum amount of overall damages in the
model. The share of runs with an SCCO2 of zero
decreases from 62.3% to 61.7%. Overall, our findings
are primarily driven by persistence in regions with
lower GDP per capita and do not change strongly if
richer regions were less vulnerable to damage persist-
ence (or much quicker to adapt).
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Table B5. Regressing GDP per capita growth in the Burke et al (2015) data on low-pass filtered climate variables—below GDPpc median.

(1) (2) (3) (4)
Unfiltered 3 year filter 5 year filter 10 year filter

Temperature 0.025 169 0.031 177 0.019 792 0.034 540
(1.43) (1.75) (0.75) (0.60)

Temperature2 −0.000 749 −0.000 842∗ −0.000 549 −0.000 806
(−1.97) (−2.19) (−0.98) (−0.67)

Resulting ρ 100.00% 112.45% 73.29% 107.71%
5th percentile — 84.12% −62.78% −296.33%
95th percentile — 164.32% 155.72% 340.61%
N 3391 3391 3391 3391
BIC −9556.7 −9552.6 −9542.3 −9541.1
ll 4985.6 4983.6 4978.4 4977.8

t statistics in parentheses. Standard errors are clustered at the country level.

Percentiles are estimated via 5000 cluster bootstrap samples.
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001.

Author’s calculations based on the data provided by Burke et al (2015).

Table B6. Regressing GDP per capita growth in the Burke et al (2015) data on low-pass filtered climate variables—above GDPpc median.

(1) (2) (3) (4)
Unfiltered 3 year filter 5 year filter 10 year filter

Temperature 0.008 412∗ 0.006 184 0.004 519 0.000 073
(2.20) (1.30) (0.73) (0.01)

Temperature2 −0.000 330∗ −0.000 230 −0.000 135 0.000 010
(−2.13) (−1.23) (−0.58) (0.03)

Resulting ρ 100.00% 69.76% 40.96% −2.91%
5th percentile — −70.72% −248.19% −631.26%
95th percentile — 97.68% 106.27% 117.74%
N 3144 3144 3144 3144
BIC −9883.0 −9879.2 −9876.6 −9875.4
ll 5146.8 5145.0 5143.7 5143.1

t statistics in parentheses. Standard errors are clustered at the country level.

Percentiles are estimated via 5000 cluster bootstrap samples.
∗ p< 0.05, ∗∗ p< 0.01, ∗∗∗ p< 0.001.

Author’s calculations based on the data provided by Burke et al (2015).

Figure B8.Mean SCCO2 based on 50 000 Monte Carlo using persistence as a global parameter or limiting it to lower-income
regions for SSP2-4.5. The blue bar marks our default setting.
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