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Abstract Quantifying model uncertainty and internal variability components
in climate projections has been paid a great attention in the recent years. For
multiple synthetic ensembles of climate projections, we compare the precision
of uncertainty component estimates obtained respectively with the two Analy-
sis of Variance (ANOVA) approaches mostly used in recent works: the popular
Single Time approach (STANOVA), based on the data available for the con-
sidered projection lead time and a time series based approach (QEANOVA),
which assumes quasi-ergodicity of climate outputs over the available simula-
tion period.

We show that the precision of all uncertainty estimates is higher when more
members are used, when internal variability is smaller and/or the response-to-
uncertainty ratio is higher. QEANOVA estimates are much more precise than
STANOVA ones: QEANOVA simulated confidence intervals are roughly 3 to
5 times smaller than STANOVA ones. Except for STANOVA when less than
3 members is available, the precision is rather high for total uncertainty and
moderate for internal variability estimates. For model uncertainty or response-
to-uncertainty ratio estimates, the precision is low for QEANOVA to very low
for STANOVA. In the most unfavorable configurations (small number of mem-
bers, large internal variability), large over- or underestimation of uncertainty
components is thus very likely. In a number of cases, the uncertainty analysis
should thus be preferentially carried out with a time series approach or with a
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local-time series approach, applied to all predictions available in the temporal
neighborhood of the target prediction lead time.

Keywords Uncertainty Sources - Climate Projections - ANOVA - Internal
Variability - Model Uncertainty - Scenario Uncertainty - Precision of Estimates

1 Introduction

A critical issue in climate change studies is the estimation of uncertainties in
projections along with the contribution of the different uncertainty sources,
including scenario uncertainty, the different components of model uncertainty,
and internal variability (e.g. Hawkins and Sutton, 2009).

Scenario uncertainty is related to the poorly known future of greenhouse
gas emissions. Model uncertainty corresponds to the dispersion between the
different climate responses obtained with different models for the same forcing
configuration. Model uncertainty concerns Global Climate Models (GCMs) but
also all subsequent models of the climate change impact modeling chain, such
as Regional Downscaling Models (regional climate models and/or statistical
downscaling methods) and impact models like Hydrological Models (HMs).
Internal variability first originates from the chaotic variability of the climate
at the global scale (e.g. Réisénen, 2001; Deser et al, 2012). At the local scale, it
also results from the fact that very similar large scale atmospheric circulation
configurations can lead to very different meteorological observations (Braun
et al, 2012; Lafaysse et al, 2014).

Estimating and partitioning uncertainty in future climate projections is
first intended to help evaluating the significance of estimated changes for adap-
tation purposes. Besides, this is intended to highlight the most important un-
certainty sources. This thus allows estimating the fraction of total uncertainty
that could be narrowed via scenario refinement and model improvement, and
its irreducible fraction pertaining to natural variability (e.g. Hawkins and Sut-
ton, 2011; Lafaysse et al, 2014).

Over the recent years, uncertainty has been mostly explored and parti-
tioned based on Multiscenarios Multimodel Multimember Ensembles (MMEs)
of transient climate projections. Various methods have been proposed for this,
most of them based on an Analysis of Variance (ANOVA) of projections avail-
able for the specific projection lead time considered (Hingray et al, 2007; Yip
et al, 2011; Bosshard et al, 2013; Giuntoli et al, 2015; van Pelt et al, 2015;
Paeth et al, 2017). In this single time approach — called STANOVA in the
following —, and provided multiple members are available for each modeling
chain, the model uncertainty components are estimated from the dispersion
between the climate responses of the different modeling chains, obtained for
each chain from the multimember mean of the projections. Similarly, the in-
ternal variability component for each modeling chain is estimated from the
inter-member variance of the projections.

The different uncertainty components can also be estimated from a time
series approach, benefiting from the long time series now available for most
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climate experiments (e.g. Johns et al, 2011; Jacob et al, 2014). A quasi-ergodic
assumption for climate simulations in transient climate is often used in this
context (Hingray and Said, 2014). It considers that the temporal variations
of the climate response of a particular simulation chain are necessarily grad-
ual and smooth, the higher frequency variations of the time series being due
to internal variability alone. It considers next that the internal variability
can be assumed to remain roughly constant over the considered period or to
vary as a gradual and smooth function of the climate response of the chain.
These assumptions were used for instance by Réisénen (2001); Hawkins and
Sutton (2009, 2011); Charlton-Perez et al (2010); Lafaysse et al (2014); Brace-
girdle et al (2014); Reintges et al (2017). In this time series approach called
QEANOVA in the following, the climate change response of each simulation
chain and its possible evolution with time is obtained from the long term trend
estimated from the time series of the chain. The variance over time of the de-
viation from the climate response defines the internal variability of each chain.
The climate responses of the different chains can be used to estimate the com-
ponents of model uncertainty for any projection lead time, thanks again to a
usual ANOVA.

In both approaches, a potentially critical step is the possibility to identify
a precise estimate of the climate response of each modeling chain. A number of
previous works advocated the use of multiple runs to improve this identification
(e.g. Kendon et al, 2008; Deser et al, 2012; Kew et al, 2011). Unfortunately
a limited number of members have until now been usually available for most
modeling chains, logically deriving from the small number of GCM runs (e.g.
Johns et al, 2011; Jacob et al, 2014; Paeth et al, 2017; Reintges et al, 2017). In
a number of analyses, the discrimination between internal climate variability
and the climate response of each modeling chain is thus expected to be quite
inaccurate owing to the limited ensemble size especially when the internal
variability is non-negligible compared to the chain’s climate responses (e.g.
Deser et al, 2012; van Pelt et al, 2015).

These inaccuracies translate to inaccuracies in estimates of uncertainty
components and of derived characteristics (e.g. response to uncertainty ratio,
significance of projected changes, time of emergence of climate change, etc.).
In specific analysis configurations, the precision of uncertainty component es-
timates is potentially low to very low, but to our knowledge this issue has
never been considered.

In the following, we characterize the precision of uncertainty components
estimates when obtained either with the single time or the time series ap-
proaches introduced previously. The precision is obviously expected to depend
on the multimodel multimember ensemble of projections (MME) available for
the analysis and on the climate variable considered for the analysis. In the
following, both ANOVA approaches are applied to multiple synthetic MMEs
obtained via Monte Carlo simulations. We consider a simplified configuration
where MME account for two uncertainty sources: model uncertainty and in-
ternal variability. The analysis framework we follow here is rather crude but it
allows comparing both ANOVA approaches for a large number of MME config-
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urations with different characteristics. We especially discuss how the precision
depends on the number of members used in the analysis, and we characterize
the gain in precision obtained with the time series based approach, owing to
the larger size of the data set accounted for. We also discuss the results for
different levels of internal climate variability contribution to total uncertainty
variance. We first focus on the precision of estimates obtained for model un-
certainty and internal variability. We next consider the precision of estimates
obtained on the one hand for the mean climate response from the model en-
semble and on the other hand for the response to uncertainty ratio frequently
used to estimate the significance of estimated changes.

All recent analyses of uncertainty sources in climate projections make use of
the moment estimators of variance components. The present study also makes
use of such estimators in order to put the precision of uncertainty estimates
derived from these analyses into perspective.

The statistical bases for the estimation of uncertainty components in a
given MME are summarized in section 2 for both the single lead time ANOVA
and the quasi-ergodic ANOVA approaches. The Monte Carlo experiment for
the simulation of multiple synthetic MMEs is presented in section 3. The
precision of uncertainty estimates is presented in section 4, and discussed in
section 5. Section 6 concludes.

2 ANOVA methods
2.1 Transient ensembles of climate experiments

Let us consider a hypothetical ensemble of climate experiments where M dif-
ferent members are available for each of G different climate modeling chains.
For the sake of simplicity, we assume that the same number of members is
available for each chain. A chain refers for instance to a given GCM and the
members to the different runs available for each GCM. A chain could also re-
fer to a given GCM/RDM combination or to a given GCM/RDM/HM model
combination. Members would respectively refer to the potentially multiple re-
alizations obtained with the different runs for each GCM/RDM combination
or for each GCM/RDM/HM combination (e.g. Lafaysse et al, 2014; Vidal et al,
2016).

Note Y (g,m,t) the climate projection obtained for the m'" member of
chain g for time ¢. Y (g, m,t) can be expressed as:
Y(g,m,t) = Ag,t) + v(g,m,1), (1)

where \(g,t) is the climate response of model g for year ¢ and v(g, m,t) is the
deviation from the climate response obtained with the member m for this year
as a result of internal variability (IV).

As in most climate impact studies, the uncertainty analysis can be carried
out for the change variable X. In the following, we consider absolute changes,
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Uncertainty component estimates in transient climate projections 5

but a similar analysis could be obtained for relative changes. Absolute changes
are expressed as:

X(g’m’t) =Y(g,m,t)—Y(g,m,tC), (2)

where X (g, m,t) are the experiment outputs of the change variable for a given
member m of each chain g, each year ¢ and where t¢ refers to a given reference
year (or n-yr reference period centered on year t¢). These change outputs can
be written as:

X(g,m,t) :@(gvt)+n(g7m>t)7 (3)

where ¢(g, t) is the climate change response of chain g for ¢ and where n(g, m, t)
are the residuals obtained for the m'™ member of chain ¢ as a result of IV.
In the following, we assume that the climate change response can be further
decomposed as:

90(97t) = :u(t) + a(g7t)a (4)

where p(t) is the mean climate change response from all available chains at
projection lead time ¢, a(g,t) is the deviation from p(t) for the climate change
response of chain g.

By assumption, no correlation is expected between the change responses
and the residuals n’s. If the residuals are additionally independent and iden-
tically distributed (i.i.d.), the total uncertainty of the change variable at ¢ is
0% (t) = s2(t) + o7 (t) where s7,(t) is the sample variance of the o’s in equa-
tion (4) and o7(t) the variance of the 7's in equation (3). They respectively
correspond to the model uncertainty and IV components of total uncertainty
variance for X. Note that, for any given chain g, no correlation is expected
between the values of the residuals v(g,m,t) obtained from the raw variable
Y in the reference and in a future climate. The IV of the change variable X
is thus the sum of the IV estimates for Y obtained for the reference and the
future periods respectively.

In the following, we detail the two ANOVA approaches used to estimate (1)
the mean climate change response p(t), (2) the deviations a(g,t) for the differ-
ent models, (3) the total uncertainty variance 0% (t), (4) its model uncertainty
52,(t), and (5) its TV component o7 (t). We will also consider the Response-to-
Uncertainty ratio R2U(¢) defined as R2U(t) = u(t)/ox(t), the fraction Fy(t)
of total variance explained by model uncertainty and the fraction F,(t) of to-
tal variance explained by internal variability. Moment estimators of variance
components are used here for both ANOVA approaches.

2.2 Single Time ANOVA method

The Single Time ANOVA method (STANOVA in the following) is by far the
most frequently used approach for the last years. It consists in estimating an
ANOVA model on the projected changes X (g, m,t) for each time step ¢ in
turn. For any given ¢, climate projections data available for the time steps
that precede and follow ¢ are disregarded.
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The STANOVA method uses an ANOVA model with fixed effects of the
form of equations (3) and (4). The residuals are assumed to be i.i.d. In this
configuration, an unbiased estimator of the residual’s variance 0,2] at time t is
the multimodel mean of the inter-member variance at ¢, expressed as (Mont-

gomery, 2012):

G

M
> {X(g.m.t) — Bsrlg. 1)} (5)

q:l m=1

M

AQ
On,ST (t) — 1

where @g7(g,t) is an estimate of the mean climate change response for model
g at t estimated over all M members as Psr(g,t) = 25 an\f 1 X(g,m,t).

The model uncertainty variance 1s the mtcr modcl sample variance of the
deviations «(g,t) for all g, namely s (t) = 7 Zg {a(g,t)}?. An unbiased

estimator of s2 (t) under constraint Z _,asr (g, t) = 0is (Montgomery, 2012):

~ 1
So st Z {asr(g,1)}" — MU’Q’ st(t) (6)

where agr(g,t) is an estimate of the deviation «(g,t) for model g, namely
asr(g,t) = psr(g,t) — fisr(t) with figr(t) the overall mean climate change
response estimate at ¢, namely igr(t) = & 25:1 ost(g,1).

An unbiased estimator of the total variance for X(g,m,t) finally reads:

0%,s7(t) =55 g7 (t) + T s7(t).

2.3 Quasi-Ergodic ANOVA method

A time series ANOVA approach consists first in estimating for each chain g the
climate response from the raw projections Y (g, m, t). This is typically achieved
by fitting a trend model to one of the members available for each chain (e.g.
Hawkins and Sutton, 2009; Reintges et al, 2017). In the Quasi-Ergodic ANOVA
method (QEANOVA in the following) considered here, the trend model is
not obtained from one given member but from all the M members Y (g, m,t)
available for the chain (Hingray and Said, 2014). The trend model is assumed
to give an unbiased estimator of the climate response function A(g,t) of the
chain (the limitations linked to the choice of the trend model are discussed in
section 5.2). In this case, the trend model for Y gives an unbiased estimator
of the climate change response function of the chain (g, t), as:

PoE(9.t) = AE(9,t) — AoE(9.tc) (7)

where XQE (g,t) and XQE (g,tc) are the trend estimates of the raw projections
Y for the future and reference periods respectively.

Under the quasi-ergodic assumption, the IV of chain g for the raw data Y is
estimated as the variance over time of the residuals from the climate response
estimated for the chain, namely {Y (g, m,t)—Aoz(g,t)}. Note that all residuals
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Uncertainty component estimates in transient climate projections 7

from all members are used here. If the experiment period covers T time steps,
the IV of chain ¢ is thus estimated from a sample of size T' x M. Assuming
no correlation between residuals obtained for the reference and future periods
and assuming that the IV variance for Y is constant over the entire experiment
period, the IV of chain g for the change variable X is twice that of the raw
variable Y (Hingray and Said, 2014).

An unbiased estimator of the IV component for X is derived from the
multimodel mean of the IV estimates obtained for the G different chains re-
spectively (Hingray and Blanchet, 2018, see also Appendix A, Eq.A.3 and
Eq.A.6). When for each chain g, the trend model for Y can be expressed as a
linear combination of L functions of time, it reads :

G M T ) 9
0o = mz Z{ (g,m,ty) )‘QE(gatk)} . (8)

g=1m=1k=1

When the trend model is a simple linear function of time, L = 2.

An unbiased estimator of the sample model uncertainty variance s2(t)
under constraint 25:1 dgr(g,t) =0 is (Hingray and Blanchet, 2018, see also
Appendix A, Eq.A.5):

G

. 1 . A(t,C)

So.on(t) = a-1 Z {Gor(g. )} — (M >U72;,QE7 9)
g=1

where agg(g,t) is as previously an estimate of the deviation a(g, t) for model g
expressed as Aqr(g,t) = Por(9,t) — fige(t) with fige(t) = & ch=1 Por(g,t)
the overall mean climate change response at t. A(¢,C) depends on the projec-
tion lead time and on the different functions of time used for the trend model
of Y (Hingray and Blanchet, 2018). It is positive and smaller than 1. The
expression of A(t,C) is given in Appendix A when the trend model is a simple
linear function of time (Eq. A.7).

An unbiased estimator of total variance for X (g,m,t) finally also reads:

0x.0e(t) =52 op(t) + 8127,QE

3 Simulations

In the following, we mainly focus on the precision of uncertainty estimators
obtained with STANOVA and QEANOVA methods for the change variable
X (g, m,t.) obtained between some future prediction lead time ¢, and the ref-
erence period t¢.

We construct via Monte Carlo simulations multiple synthetic MMEs where
each MME is composed of M x G times series of raw projections Y (g, m,t),
with M the number of members for each of the G chains (see Appendix C
for details). For reasons of simplification, each MME is simulated based on
the assumptions that the climate response function of each modeling chain g
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is a linear function of time and that the random deviations v(g, m,t) due to
internal variability come from independent and normally distributed random
variables: v(g,m,t) ~ N(0,02).

Each MME simulated for Y (g, m, t) allows deriving the corresponding time
series for X (g, m,t). In the present analysis, for graphical simplification pur-
poses, each MME for Y is constructed so that it leads, for X at time t = ¢,
to a prescribed value of the Response-to-Uncertainty ratio [R2U(¢.)] and to
a prescribed value of the fractional variance F (t.) due to internal variability
(Appendix C).

In the following, simulations were produced over the 1960-2100 period for
a 10-yr average climate variable (see illustrative MMEs in figure 1). Decadal
time series were next aggregated to 20-yr time series for all analyses presented
in section 4, in order to match with the usually preferred 20-yr temporal
resolution in climate analyses. Y (g, m,t) time series are thus constituted from
7 values each (T' = 140/20). The reference period is tc = 1990.

For the sake of simplicity, a unique number of chains is considered in the
following section (G = 5). The influence of the number of chains on the results
is discussed in section 5.1. Most results are finally presented for prediction lead
time t, = 2050. t. will be thus omitted in most following notations.

[ FIGURE 1 HERE |

For each MME, both STANOVA and QEANOVA models are applied, al-
lowing estimating the ratio R(6) = /6y, between the estimated value 6 and the
theoretical (prescribed) value 6, of different parameters 0: the grand ensem-
ble mean response j(t ), the uncertainty variances s2(tg), 05(tg), 0% (tg), the
Response-to-Uncertainty ratio [R2U(¢g)] and the contribution to total vari-
ance of internal variability and model uncertainty, F; (tg) and F,(tg).

We run the simulations for different combinations of prescribed R2U and
F, values and for different numbers of members M. For each combination, we
simulate 1,000 MMEs. We subsequently estimate, for each parameter 6, the
mean E[R(#)] and the standard deviation SD[R(6)] of the corresponding 1,000
ratios R(6).

Application of a QEANOVA method requires fitting a trend model to the
raw climate projections Y. A parametric model is usually used for convenience.
For simplicity, we here also assume that the trend is a linear function of time
for the whole transient period [t1, 7] (the influence of the trend model on the
results is discussed in section 5.2). The estimation is made using ordinary least
squares.

Equations (5) and (8) give unbiased estimators of 0,27. Respectively, equa-
tions (6) and (9) give unbiased estimators of s2. E[R(6)] obtained for o7 and s,
with both STANOVA and QEANOVA approaches are therefore expected to
equal one whatever the (M, F,,, R2U) configuration. This actually also applies
to all other STANOVA and QEANOVA estimators (not shown).

We therefore focus on the precision of estimators from STANOVA and
QEANOVA approaches, i.e. on results obtained for SD[R(#)], denoted SD below
for shortness. The smaller the standard deviation, the better the precision of
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the estimator. We will additionally look at the ratio SDsr/SDgg, denoting
the gain in precision obtained with the QEANOVA approach with respect to
the STANOVA approach. The larger this ratio, the larger the gain.

The uncertainty analysis with the STANOVA method requires at least
two members for each chain. This is not the case for the QEANOVA method
which can be carried out with no more than one single member for each chain.
In the following, we also present, for information, results obtained with the
QEANOVA method in case of single member MMEs.

4 Results

In our case and whatever the (M, F;, R2U) configuration, the distribution of
the R(#) ratios obtained respectively from the 1000 synthetic data sets was
always found to be roughly normal (not shown). In a first approximation, the
SD value of R(#) thus determines the probability that the R(6) ratio is outside
of any [1 + e] interval, that is the probability that the estimated value of
the considered parameter is at least 100e% smaller or 100e% greater than the
theoretical value. For instance, the probability that the ratio R(6) is outside the
[0.5,1.5] interval is 1%, 32% or 62% when SD is 0.2, 0.5 or 1 respectively. When
the SD value is greater than 0.5, the probability for a large underestimation
(let say R(#) < 0.5) or for a large overestimation (let say R() > 1.5) is thus non
negligible (i.e. p > 0.32). When SD is greater than 1, a large underestimation
or overestimation of the considered parameter is very likely (i.e. p > 0.62).

4.1 Variance components, total and fractional variance

SD results obtained for variance parameters (0727, s2,0%, F,, F,) are roughly
independent on the R2U value prescribed for the simulation of the synthetic
MMEs (not shown). They conversely depend on the value prescribed for F,
and on the number of members M. We here therefore only present results via
the SD response functions in the (M, F;)) domain.

For the different variance parameters and both ANOVA methods, SD val-
ues are logically higher for small M numbers. Except for internal variability,
they are also higher for large F}, values, highlighting the lower precision of the
estimators in these configurations (figure 2). For all parameters, STANOVA

SD values are also logically higher than QEANOVA SD values.
[ FIGURE 2 HERE |

For internal variability estimates, a%, SD values do only depend on M.
For configurations with M < 3, STANOVA SD values are greater than 0.4,
highlighting the possibility for significant errors in 0727 estimates. Whatever the
(M ,F,) configuration, QEANOVA SD values are at least 3 times smaller than
STANOVA SD values. QEANOVA estimates are thus expected to be much
closer to the theoretical value.
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For model uncertainty estimates s2, the precision gain obtained with QEANOVA

is at least 2.5. It is up to 4 for high F), values (e.g. > 90%) or even more when
M is smaller than 5. Whatever the (M, F})) configuration, SD values are much
larger than those obtained for internal variability. In the most unfavorable
configurations (very low M and very high F, values), STANOVA SD values
are noticeably higher than 6! s2 estimates are very likely to be largely over
or underestimated. In those cases, a misestimation can also be obtained with
QEANOVA but it would be somehow less critical.

Compared to s7, and o7, the potential error for total variance estimates,
0%, is likely to be small for both methods. SD values are globally smaller than
0.2 for QEANOVA. For STANOVA, they are smaller than 0.3 except in the low
M and high F,, configurations. This suggests that for any given dataset, errors
obtained for s2 and 0'727 partly compensate. The gain in precision obtained with
QEANOVA is around 2.5, whatever the (M ,F),) configuration.

SD response functions obtained for fractional variances estimates, F;, and
F,, are very similar to those obtained for o7 and 5?2 estimates respectively (not
shown). Whatever the method, errors in F), estimates are thus not expected
to be very large. For F,,, large errors are conversely expected with STANOVA
in the most unfavorable (M ,F,) configurations. The gain in precision obtained
with QEANOVA is again at least 2.5.

4.2 Mean response and Response-to-Uncertainty ratio

We focus here on the estimates obtained for the mean change response p and
for the Response-to-Uncertainty ratio R2U. For both ANOVA methods and
both parameters, SD values are again logically higher for smaller M and/or
higher F;, values. SD values additionally depend on the theoretical value pre-
scribed for the Response-to-Uncertainty ratio R2U. SD values decrease when
the theoretical value for R2U increases.

Results are presented in Figure 3 for p estimates and three theoretical
R2U values (0.2, 1, and 5). They illustrate typical configurations encountered
in climate analyses. A R2U value as high as 5 can be for instance typically
obtained in the 2050s for large scale temperature variables (e.g. global mean
temperature as in Hawkins and Sutton (2011)). A R2U value as low as 0.2
can be conversely obtained for noisy systems, e.g. regional climate variables
with a high natural variability (e.g. 20-yr average regional precipitation as in
Hingray and Said (2014)).

For 1 estimates, STANOVA SD values obtained when R2U = 0.2 are often
greater than 0.5 and even exceed 2.5 for the most unfavorable (M, F,) con-
figurations. When R2U = 1, SD values are much smaller. They are lower than
0.15 except for the low M and high F), configurations. For larger prescribed
R2U values, SD values tend to be negligible: they are always smaller than 0.03
when R2U = 5. QEANOVA SD values present a similar dependence on M, F;,
and R2U. They are however again much smaller than STANOVA SD values
(roughly 2.5 times smaller whatever the M, F, and R2U configuration).
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[ FIGURE 3 HERE |

For R2U estimates, the structure of SD response functions are very similar
to those obtained for p estimates (not shown). SD values are however system-
atically larger (from +20% for R2U=0.1 to more than +100% for R2U=5). For
noisy systems and the most unfavorable (M,F,) configurations, large errors
are therefore expected with STANOVA. Errors are conversely expected to be
low to moderate with QEANOVA estimates, which are at least 2.5 times more
precise.

5 Discussion
5.1 Dependence to the setup and size of the projection ensemble

For the sake of simplicity, we considered that MMEs are composed of 5 mod-
elling chains. This is much less than the number of chains currently available
in recent CMIP MMEs. We also considered that the same number of members
is available for all simulations chains. This is obviously never the case in real
MMESs which are mostly unbalanced. In real MMEs, a large number of model
combinations is also typically missing when the projections are produced with
chains composed of different models (e.g. not all GCM/RCM combinations are
available when projections are produced with different RCMs from different
GCM outputs).

Whatever the ANOVA method, estimates of the different uncertainty com-
ponents are expected to be more precise when more members are available,
when the number of chains is larger and/or when the number of missing model
combinations is smaller. In most of the cases however, a time series approach
is still expected to produce more precise estimates of uncertainty components
than a single time approach. This obviously results from the larger sample size
used for the estimation which allows for a more precise estimate of the climate
response and of the internal variability of each simulation chain.

As an illustration, the previous analysis was repeated with MMEs com-
posed of 10 simulation chains instead of 5 (see Supplementary Material, Fig-
ure Al). As expected, the precision of all uncertainty components estimates
is better with 10 chains (for both approaches) and QEANOVA estimates are
more precise than STANOVA ones. In the present case, the gains in precision
are actually roughly the same than those presented previously with 5 chains.

5.2 The trend estimation issue in the QEANOVA approach

In the present case and for convenience, time series of the synthetic MMEs are
simulated based on the assumption that the climate response of each chain is
a linear function of time. The QEANOVA trend function used to estimate the
climate response of each chain is also assumed to be a linear function of time.
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In real datasets of projections, the climate response likely evolves in a
more complex way, perhaps differently in different chains. In practice, the
precise form of the climate response is not known, and for small ensembles and
noisy systems it may be quite difficult to guess and/or fit. If the chosen trend
model were incorrect for some chain, the response function estimate could be
locally biased. Incorrect trend models could then lead to significant errors in
the estimation of the local effects of the chains, and additional uncertainty
would arise, particularly if internal variability is small. Because of this trend
estimation issue, the results of a time series approach can thus be sub-optimal.
The linear assumptions retained for practical reasons in Section 3, make the
QEANOVA results likely too optimistic since the assumed trend model is the
true one. Thus the precision gain with QEANOVA in Section 4 is likely to
overestimate the gain to be obtained with this method for real MMEs.

For real MMESs, non-linear models can be considered for the estimation of
the trend (e.g. 4rd order polynomial used in Hawkins and Sutton (2009) and
in Hingray and Said (2014) for temperature changes) and the risk of choosing
non relevant trend models can be reduced with dedicated statistical tests and
a visual check of the fit (if any expert knowledge can be used for instance to
assess the climatic relevance of the estimated trend).

The trend estimation issue in a time series ANOVA approach, which may
be critical for some MME configurations, requires thus specific care. Notwith-
standing, a time series approach is likely to present a significant advantage
in many cases, even when the trend is not linear, especially when internal
variability is large. For illustration, we considered the same set of MMEs as
previously but, instead of fitting a linear trend for estimating the climate re-
sponse of each simulation chain, we fitted a 3rd order polynomial function.
Results are presented in Figure A2 of Supplementary Material. As expected,
whatever the configuration in the (M, F})) domain, the precision of QEANOVA
estimates is lower with the polynomial trend model, especially for noisy MMEs
and for small ensembles. Indeed, with a polynomial trend, the degrees of free-
dom are larger and in case of noisy systems, the local trend is often dominated
by internal variability which logically leads to a lower precision of the esti-
mated climate response. Nevertheless, QEANOVA is still much more precise
than STANOVA. Note that a more relevant experiment would have been to
simulate synthetic MMEs with non linear trends for the true trends but such
a simulation is unfortunately not convenient and would have required to make
different arbitrary and non representative choices (e.g. shape and amplitude
of non linearity to be retained for each chain). The experiment discussed here
thus likely again underplays the trend estimation issue in real MMEs where
the true trends are not linear. Fitting higher order polynomials when the true
trend is linear is indeed expected to introduce little error especially when
the sample is large (the fit essentially yields the linear trend), but, as men-
tioned previously, the opposite does not hold: fitting a linear trend when the
true trend is non linear (e.g. quadratic or cubic) will always yield local biases
which may be large.
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Finally, another possible limitation of a time series ANOVA approach is
when internal variability is assumed to be constant over time. This assumption
may be not really valid as suggested by the recent work of Olonscheck and
Notz (2017). As presented by Hingray and Said (2014) or Bracegirdle et al
(2014), this assumption is not necessarily required and can also be relaxed.
The internal variability can for instance be assumed to vary gradually from
one lead time to the other (Hingray and Said, 2014). It can also be estimated
from the variance of the residuals within a moving temporal window centered
on the targeted prediction lead time (Bracegirdle et al, 2014).

5.3 Toward a local-QEANOVA approach

The potential limitations discussed above could make the apparent higher
attractiveness of a time series approach somehow reduced for some MMEs
configurations (e.g. MMEs with complex trend shapes and low noise).

However, if difficult to exploit over the whole available simulation period,
the QEANOVA principles can be at least used locally, in the temporal neigh-
borhood (2(t) of each time point ¢. In such a local QEANOVA approach, the
climate response of any given chain g can be obtained for instance from lo-
cal linear regression, in which the trend is assumed to be smooth so that the
climate response A(g,t) of the chain can be approximated by a straight line
in the neighborhood of ¢ (Cleveland, 1979). The residuals estimated from all
data in £2(t) can next be used to assess the local internal variability of the
projections. When the uncertainty analysis is produced for the climate change
variable, the local linear regression and the estimation of the local internal
variability is done for both the reference time ¢. and the future lead time ..
In this configuration, note that the internal variability no longer has to be
assumed constant between both periods.

The theoretical developments of this local QEANOVA approach, given in
Hingray and Blanchet (2018) are summarized in Appendix B. For illustration,
the local QEANOVA approach was also applied to the different simulation
ensembles considered in the previous sections. The neighborhood §2(t) was here
chosen to be composed from the 3 consecutive time steps centered around ¢. In
this context, the risk that the linear trend is dominated by natural variability
is likely important for noisy systems and small ensembles. This configuration
would have led to a risk of underestimating the natural variability but this is
not the case here thanks to the unbiased estimator derived for this variable
(see Appendix B).

Results of the local QEANOVA are presented for internal variability, model
uncertainty and for the Response-to-Uncertainty ratio in figure 4. Results are
not a surprise. For all uncertainty parameters, the precision obtained with the
local QEANOVA is significantly higher than that obtained with STANOVA
(confidence intervals are 2 to 3 times smaller for the local QEANOVA). The
precision of the local QEANOVA is conversely smaller than that obtained with
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QEANOVA. These results again logically derive from the different sizes of the
samples used by the three methods.

A local QEANOVA is thus a promising alternative to STANOVA. The risk
for a large misestimation of uncertainty components is indeed much lower.
Despite its smaller precision, a local QEANOVA can be also a good alternative
to a time series approach. When the time series of the simulation chain presents
a low to moderate noise but has a complex and nonlinear climate response
for instance, a local QEANOVA actually reduces the risk of having a biased
estimate of the climate response, which may occur in a time series approach
because of the choice of an inappropriate trend function (see section 5.2).

[ FIGURE 4 HERE |

5.4 Temporal variations of uncertainty component estimates

Whatever the estimation method, the uncertainty estimates are typically de-
rived for the different prediction lead times of a given climate simulation pe-
riod. The temporal behavior of these estimates is worth considering as it may
be a relevant indicator of their precision. In most cases, the climate response
of each simulation chain is indeed expected to evolve gradually with time. In
most cases, the different uncertainty components of a given MME are thus
also expected to evolve gradually with time.

Similarly, uncertainty components for model uncertainty and scenario un-
certainty should start from zero when the climate variable considered for the
analysis is a climate change variable. The climate change response of any sim-
ulation chain is indeed expected to start from zero when the prediction lead
time corresponds to the control period.

Large temporal fluctuations of uncertainty estimates and/or large values
of model uncertainty for the control period should warn for the possible lack
of robustness of the analysis. The possibility to consider the temporal varia-
tions of uncertainty estimates to assess their precision is illustrated for three
synthetic data sets in Figure 5 for s2 and U% and in Figure 6 for F;. The
three MMEs have been simulated following the simulation process described
in section 3. Confidence intervals (colored bounds) of uncertainty estimates
(white lines), obtained from Monte Carlo simulations similar to those carried
out in section 4, highlight the much lower precision of STANOVA, even when
the fractional variance due to internal variability is low. This is also clear from
the temporal variations of uncertainty estimates. When only 3 members are
available, the variations of STANOVA estimates are erratic and non-negligible
whatever the value of F;. They are much smoother with a local QEANOVA
and they completely vanish with QEANOVA. As expected also, the model
uncertainty component estimated with QEANOVA starts from zero at the be-
ginning of the century and then gradually increases. This is thus fully coherent
with the expected behavior of this uncertainty component (limit to zero for
the control period). This is not the case for the two other methods, especially
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for STANOVA in the case of small ensembles and noisy systems (e.g. signifi-
cant non zero values of model uncertainty can be achieved at time ¢ = 2000
in Figure 5, STANOVA, 2nd line).

[ FIGURE 5 HERE |

[ FIGURE 6 HERE |

6 Conclusion
6.1 Precision of different methods for partitioning uncertainty

Two ANOVA approaches are currently used for partitioning model uncertainty
and internal variability components in ensembles of climate projections: the
popular Single Time approach (STANOVA), based on the data available for
the considered projection lead time and time series approaches such as the
QEANOVA approach considered here. For multiple synthetic ensembles, we
compared the precision of uncertainty component estimates obtained with
both approaches. The main findings are as follows:

e In both cases, the precision is logically lower for noisy MMEs and /or small
ensembles of members. The precision of the mean climate response and of
the Response-to-Uncertainty ratio estimates are additionally lower when
the theoretical (prescribed) Response-to-Uncertainty ratio is lower.

e In many configurations, QEANOVA estimates are expected to be more
precise than STANOVA ones. This does not depend on the setup and size
of the MME considered (unbalanced MMEs, MMEs with missing chains,
MMEs with more GCMs,...). The larger sample size used for the estimation
is indeed expected to produce a better estimate of the climate response and
of the internal variability of each simulation chain.

e Whatever the estimation method, the temporal variations of the uncer-
tainty estimates should be considered as a relevant indicator of the preci-
sion of estimates. Large temporal fluctuations should call for caution and
should warn for the likely low relevance of the uncertainty analysis.

Under the specific setup and assumptions of our analysis framework (e.g.
length of time series, number of simulations chains, linearity of trend, con-
stancy of internal variability over time...), we find that:

e Simulated confidence intervals obtained with QEANOVA are at least 2.5
times smaller than those obtained with STANOVA.

e The precision of estimates is rather high for total uncertainty variance
and for the multichain mean response (except for STANOVA for noisy
MMEs and/or for MMEs with small ensembles). The two main features
of any given ensemble of projections are thus likely to be rather correctly
estimated in most cases.
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e This is obviously not the case for the individual uncertainty components.
For model uncertainty variance for instance, the precision of estimates is
low to very low for small ensembles and/or noisy MMEs. In the latter
configurations, a large over- or underestimation of uncertainty components
is thus very likely preventing any precise partition of uncertainty sources.
This problem is particularly critical for STANOVA.

e STANOVA actually appears to be inappropriate in a large number of con-
figurations as a result of the limited number of members, e.g. GCM runs,
usually available for most modeling chains up to now. In the case of small
ensembles and noisy MMEs, improving the relevance of uncertainty esti-
mates requires using more data. A time series analysis approach as the
QEANOVA method offers such an opportunity.

For a time series approach, the trend estimation can be an issue. For MMEs
where internal variability is small for instance, there is some risk to misrep-
resent the forced trend. In such a case, a local QEANOVA approach offers
an interesting alternative as it is not subject to the same limitation as a full
time series approach. The precision of a local QEANOVA is additionally al-
ways better than that of STANOVA. Note also that, similarly to a time series
approach, a local QEANOVA can be also applied when only a single member
is available for the chains. It can therefore make use of all climate experiments
produced in the recent years. This is another advantage over STANOVA which
requires multiple members of each chain.

6.2 Precision of uncertainty estimates for real ensembles of projections

Most ensembles of projections have potentially more uncertainty sources than
those considered in the present work. They may actually include scenario un-
certainty, different components of model uncertainty (e.g. associated respec-
tively to GCMs, Hydrological Models), of internal variability (with potentially
its large or small scale components) and, eventually, uncertainty associated to
interactions between models and/or scenarios (e.g. Hawkins and Sutton, 2011;
Vidal et al, 2016; Paeth et al, 2017). In all cases, and whatever the ANOVA
method used for the analysis, an idea of the precision of uncertainty compo-
nents should be provided along with estimates of uncertainty components.
Results presented in the present work give already some benchmark for
simple ensembles of projections. They were obtained with moment estimators
of variance components. Likelihood-based estimation methods such as max-
imum likelihood, restricted maximum likelihood or Bayesian methods could
(should) be used instead. They indeed allow for the estimation of confidence
or credibility intervals associated to each uncertainty component. They also
present next a number of interesting properties (e.g. Hartley and Rao, 1967;
Gelman, 2005). Conversely to method-of-moment based ANOVA approaches,
they can especially not produce negative estimates of variance components.
For the two ANOVA methods considered here, negative estimates are indeed
obtained for model uncertainty variance when the second terms in the right
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hand sides of equations (6) or (9) are greater than the first terms. The prob-
ability of having a negative estimate for s2 is actually directly related to the
precision that can be achieved with the method for this component. For our
work, this probability is roughly 2.5%, 16% or 31% when the SD value ob-
tained for s2 is 0.5, 1 or 2 respectively. It can be up to 50% in the most
critical (M, F;,, R2U) configurations.

Likelihood-based estimation methods are also expected to use the data
more efficiently than moment-based estimation methods. They are for instance
easily applicable for unbalanced MMEs and/or MMEs with missing chains.
The work of Northrop and Chandler (2014) and of Evin et al (2018) give some
nice illustrations of their uses in a Bayesian context. The use of likelihood-
based estimation methods is thus to be preferred to the use of moment-based
estimation methods. Even with such methods however, our results strongly
suggest that a full- or partial time series approach should be used instead of
a standard single time approach.

Author contributions. BH designed the analysis, developed the local-
QEANOVA and the synthetic simulations. JB derived the theoretical expres-
sions for unbiased estimators of uncertainty components and wrote the ap-
pendixes. All authors contributed to write the manuscript and discuss results.
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Appendix A QEANOVA Estimates of uncertainty components

We summarize the theoretical developments of the QEANOVA approach to
achieve unbiased estimators of uncertainty components for a simplified con-
figuration where the trend model is a simple linear function of time. The full
developments are given in Hingray and Blanchet (2018) for the general config-
uration where the trend model is a linear combination of L functions of time.
Here, we first consider the case where the number of members differs from one
chain to the other; the simplified equations obtained when all chains have the
same number are then given. For the sake of conciseness, we omit the subscript
"QE” related to the QEANOVA approach.

Model. We first consider the raw projections Y (g, m,t) with M, members for
each of the G chains, assuming that, for all t, <t <t¢;:

Y(g,m,t) = A(g,t) + v(g,m, 1), (A1)

where A(g,t) is the trend model expressed as a linear function of time:
Mg, t) = Ag + Ago(t — ts) and where the v(g,m,t) are independent and
homoscedastic random variables (with variance o2 ). Second let consider the
change variable at future prediction lead time t € ftc, tsl:

X(g,m,t) =Y(g,m,t) = Y(g,m,tc) = alg,t) + (g, m, 1), (A.2)

where ¢, is the reference period. We have thus a(g,t) = Ag(t — t.) and
77(97 m, t) = V(ga m, t) - V(ga m, tc)'

Unbiased estimation of the model parameters for the raw variable Y. We dis-
cretize [ts,tf] into T time steps (from t; = t1 to ty = t7) and write ¢, as the
Kth time step (i.e. t. = tx). We are interested in the future prediction lead
time ¢, € [tk,tr]. Let consider the regression model (A.1) for a particular g.
Unbiased estimators of the regression parameters (A1, Ag42) are given by the
least square estimates

M, M,
. . 1 g 1 g
(Agla Ag2)/ =V Rl (M Z Y(g?mvtl)a e M Z Y(g?m7tT))/
9 m=1 9 m=1
where 7’7 denotes the transpose , R is the 7" x 2 matrix of covariates whose

kth row is (1, —t1), for 1 < k < T, and V = (R'R)~!. Covariance matrix
of the estimators (Ag1, Age) is given by op My 1V where o7, is an unbiased
estimator of afg given by

—_~ 1 g T . 2

2 _ —
oy, = ™, — L Z Z {Y(g7ma tk) )\QE(gatk)} (A.3)

m=1 k=1

where L = 2 and ;\QE(gatk) = /igl — /igz(tk — tl).



682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

702

Uncertainty component estimates in transient climate projections 19

In particular, an unbiased estimator of Ag

9 IS
A2y = A%y — 02 My Vi, (A.4)

where Vg is the element (2,2) of V. Considering t1, ..., tr regularly spaced
on [ts;ts], we have Vag = 12(T — 1) /{T(T + 1)(tr — t1)?}.

Unbiased estimation of the sample variance of the «’s in the change vari-
able. Given (A.2) and (A.4), an unbiased estimator of the sample variance of

alg.ty), Le. of s2(tr) = g Yoo {alg, tr)}? | is

G 7

—~ 12T —1 [t —tx\° [ 1 = 02,
sa(tk)zs‘%‘(tk)_TTJrl(tTtl) G2 )

g

where

When all GCMs have the same number of runs (M), this expression reduces
to:

o A(tg,C) o
52 (tk) = s (tx) — 703,7 (A.5)
where 8727 is an unbiased estimator of internal variability variance for X
2
52 = e > o2 (A.6)
g=1
and where ,
6(T—1) [ty —tk
A(tg,C) = A7
(0.0 = g () (A7)

Appendix B Estimates with a local QEANOVA approach

We here summarize the expressions of the different uncertainty estimators

obtained with a local-QEANOVA approach. The full developments, similar to
those presented in appendix A for the QEANOVA approach, are detailed in
Hingray and Blanchet (2018).
Model. A regression model is still considered to estimate the response function
A(g,t) for Y in Eq.A.1 but A(g,t) is assumed to be only locally linear in time,
in the neighborhoods of ¢. and t. respectively, i.e. on [t. — w,t. + w] and
[te — w,te + w], where t. € [t.,ts] is the future prediction lead time under
consideration. A(g,t) can thus be expressed as

Ac(g,t) = Ag1 e+ (t —te)Agac for te —w <t <t.+w,

g, t) = {Ae(g,t) = Agie+ (t—te)Agae for t, —w <t <t,+w. (B.1)



703

704

705

706

707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

723

20 Benoit Hingray et al.

The change variable X (g, m,t), for t, —w <t < t, + w, in Eq.A.2 is such
that Oz(g, t) = (Agl,e — Agl,c) + (t — te)AgZ,e~

Each interval [t. —w, t.+w] and [t, —w, t. +w] is discretized into T™* regular
periods of length dt = 2w/(T* — 1), with T* odd, giving respectively the
sequences ti,...,tp« and tp«y1,...,tap=. The values of Y for these different
times are further considered to estimate the regression coeflicients of the linear
trend models in Eq.B.1. For the illustration given in section 5.3, dt = w =
20yrs and T = 3.

Unbiased estimators of model uncertainty and internal variability variance.
Following Hingray and Blanchet (2018), an unbiased estimator of model un-
certainty variance, i.e. of the sample variance of a(g, t.), is

G 52
—~ 4 {1 o
2 ve
s3(te) = sz (te) — T ( M;) (B.2)
g=1
where T' = 2T is the total number of time steps considered in the analysis
and where J%g is an unbiased estimator of ogg given by

My T*

U/E\g - TMi—4 mz:l ; {Y(g,m,tj) - S\C(g,tj)}Q (B.3)
2T . 5
+ > {Y(g,mvtj) - Ae(g,tj)} ] (B.4)
j=T*+1

with Ac(g,tj) = Agr,c + Agac(t; —te) and Ae(g,t5) = Agre + Aga ety — te)
where Agy e, Agoc, Agre and Ago . are the regression coefficients of the two
linear models in Eq.B.1.

When all GCMs have the same number of runs (M), the expression of
model uncertainty in Eq.B.2 reduces to

— 1
2 A2
Blte) = (1) — 57702 (B.5)
where 3,27 is an unbiased estimator of internal variability variance for X

2 &L~
Gh=G2 0%, (B.6)
g=1

Appendix C Simulation of MMEs

Each MME is simulated for Y'(g,m,t) assuming that, for all t; <t < tj:

Y(g,m,t) = A(g,t) + v(g,m, 1), (C.1)
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where the climate response function A(g,t) is a linear function of time
and where the v(g,m,t) are independent and homoscedastic random variables
(with variance Uﬁq). For convenience we further assume that A(g,t) can be
decomposed as A(g,t) = w(t) + d(g,t), for t = t1,...,T where the mean
climate response w(t) of the G chains and the deviations d(g, t) of chain g are
linear functions of time, expressed as: w(t) = B + P.(t — t1)/(te — t¢) and
d(g,t) = D(g).(t — t1)/(te — tc) with the constraint 2521 D(g) =0.

For graphical simplification purposes, each MME for Y is constructed so
that the parameters (02, P, D(g),g = 1,...,G) lead, for the change variable
X at time ¢t = t., to a prescribed value of the Response-to-Uncertainty ratio
[R2U(¢.)] and to a prescribed value of the fractional variance F),(t.) due to
internal variability.

For X, we have by definition ¢(g,t) = A(g,t) — Mg, tc) and n(g,m,t) =
v(g,m,t) — v(g,m,tc). We have thus for the change variable u(t) = w(t) —
w(te), alg, t) = d(g,t) — d(g,te) and in turn u(t) = P.(t — tc)/(te — te) and
alg,t) = D(g).(t — to)/(te — tc).

The theoretical values for u(t.) and s2(t.) are thus as follows : u(t.) = P
and s2(t.) = Var(D(g)). Fixing P to 1, we thus simply require in turn

(1) = T (©2)
72 (t0) = 303t) = 5Pyt o (1) (©3)
Var(D(g)) - Si(te) = (1 - Fn(te))'og((te)'

For each MME simulation, the deviations of the different chains, D(g),g =
1,...,G, are obtained from a sample of G realizations in a normal distribution.
These realizations are scaled so that their mean is zero and their variance
corresponds to the prescribed value s2 (t.).
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F,=01;M=3 F,=05M=3 F,=05M=9

year year year

Fig. 1 Three synthetic multimodel multimember ensembles of time series pro-
jections (MMEs) obtained via simulation with different F}, ratios and M numbers
(left: ;) = 0.1, M = 3; middle F;, = 0.5, M = 3; right: F;; = 0.5, M = 9). Time series over
the 1960-2100 period for the raw projections Y (g, m,t) of a 10-yr average climate variable.
Cases on the left and in the middle are illustrative of typical configurations encountered in
climate analyses: ”small” number of members available for each GCM (M =3) with relatively
low (resp. high) contribution of IV to total variance (case 1: F;; = 0.1; case 2: Fj = 0.5).
The case on the right is similar as the middle case but in a configuration with a (unrealistic)
”large” number of members (M = 9).
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Fig. 2 Precision of QEANOVA (left) and STANOVA (middle) estimates for un-
certainty variance components, and gain in precision between STANOVA SD
values and QEANOVA SD values (right)(gain = ratio between STANOVA SD
values and QEANOVA SD values). Top: Internal Variability, middle: Model Uncer-
tainty, bottom: Total Uncertainty. SD values are given as a function of the fraction of total
variance explained by internal variability (F7,) for a few representative values of number of
members M: (1), 2, 3, 5, 10, 20. Results are presented for a theoretical ratio R2U = 1. For
the sake of clarity, the upper limit of the figures for s2 is truncated to 2. The highest values
are greater than 10. Figures of the ratios between SD values obtained with both approaches
are truncated to 5.
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Fig. 3 Precision of QEANOVA (left) and STANOVA (middle) estimates for
mean change response estimates (u). Gain in precision between STANOVA and
QEANOVA in the right panels. Results are presented for different values of the theoretical
response-to-uncertainty ratio R2U (top: R2U = 0.2, middle: R2U = 1, bottom: R2U = 5).
For details see caption of Figure 2.
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Fig. 4 Precision of uncertainty estimates obtained with the local QEANOVA ap-
proach. Results for internal variability variance (0,27, top), model uncertainty variance (s2,
middle), response-to-uncertainty ratio (R2U, bottom). Left: SD values, middle: gain in preci-
sion between local QEANOVA and QEANOVA approaches (ratio between local QEANOVA
SD values and QEANOVA SD values), right: gain in precision between STANOVA and lo-
cal QEANOVA approaches (ratio between STANOVA SD values and local QEANOVA SD
values). Results for a theoretical ratio R2U = 1. For details see caption of Figure 2.
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Fig. 5 Temporal variations and 90% confidence intervals of model uncertainty
and internal variability estimates for the three reference datasets presented in
Fig. 1 (top: Fy, = 0.1, M = 3; middle F,; = 0.5, M = 3; bottom: F, = 0.5, M = 9). Left:
with STANOVA; middle: with local QEANOVA where 2(¢) is composed of the 3 consecutive
time steps centered around t; right: with QEANOVA. s2 in red, 0',2] in blue. The blue and
red lines correspond to the theoretical variance components used for the generation of the
reference dataset. The variance component estimates (white curves) obtained with each
ANOVA approach are presented with their 90% confidence intervals.
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Fig. 6 Temporal variations and 90% confidence intervals of uncertainty esti-
mates for the fractional variance due to internal variability (F), ratio) for the three
reference datasets presented in Fig. 1. Left: with STANOVA; middle: with local QEANOVA;
right: with QEANOVA. The blue lines correspond to the theoretical fractional variance used
for the generation of the reference dataset. See Fig. 5 for caption details.
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