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In the early 21st century, observed surface and tropospheric warming
trends were smaller than trends estimated from the average of a large
multi-model ensemble [1, 2, 3]. Because observations and “free running”
model simulations do not have the same phasing of natural internal vari-
ability, decadal differences in simulated and observed warming rates in-
variably occur [4, 5, 6, 7, 8]. It is unclear whether the magnitude of such
differences can be explained by internal climate variability alone [9, 10].
We address this question using global changes in tropospheric tempera-
ture estimated from satellites and climate models. Here we show that in
the last two decades of the 20th century, differences between modeled and
observed tropospheric temperature trends are broadly consistent with in-
ternal variability. Over most of the early 21st century, however, model
tropospheric warming is substantially larger than observed; warming rate
differences are generally outside the range of trends arising from internal
variability. There is a low probability (between < 1% and ~ 7%) that
multi-decadal internal variability fully explains this asymmetry in the sta-
tistical significance of the late 20th and early 21st century results. Our
study provides new and independent support for findings that model over-
estimation of warming in the early 21st century is partly due to systematic
model deficiencies in representing some of the post-2000 external cooling

influences experienced by the real world [11, 12, 13, 14].
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The Fifth Assessment Report of the Intergovernmental Panel on Climate Change
(IPCC) contained prominent discussion of differences between warming rates in ob-
servations and model simulations [15, 16]. The focus of this discussion was on two
issues: the cause or causes of a putative “slowdown” in observed surface and tropo-
spheric warming during the early 21st century, and the reasons for the inability of

most climate model simulations to capture this “slowdown”.

Since publication of the Fifth Assessment Report, progress has been made in
improving scientific understanding of both issues [3]. With regard to the first issue,
there is now widespread recognition that the observed “slowdown” was not due to a
single cause, as several studies had claimed [9, 10]. Recent research points towards the
combined effects of internal variability [5, 6, 7, 8, 9], the cooling caused by a succession
of moderate early 21st century volcanic eruptions [1, 12, 17, 18, 19], an unusually long
and low solar minimum during the last solar cycle [13], a decrease in stratospheric
water vapor [11], and an increase in forcing by anthropogenic sulfate aerosols [14,
20]. The scientific challenge is to reliably estimate the individual contributions of
these factors to the observed “slowdown”, and to better quantify uncertainties in the

observed temperature data used to study this phenomenon [21, 22].

The second issue has also been the subject of considerable attention. There is now
widespread acceptance that larger simulated warming during the “slowdown” period

arises from a combination of factors. These factors include systematic deficiencies in
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how models represent early 21st century changes in key natural and anthropogenic
external forcings [12, 13, 14, 17, 18, 23], model errors in response to forcing [24], errors
in the observations themselves [21, 22|, different sequences of internal variability in
the real world and the model world [5, 6, 7, 8, 9, 25], and differences in the physical

quantities being compared in observations and model simulations [26].

Other aspects of the “slowdown” — such as its statistical significance — remain
the subject of vigorous scientific debate. One viewpoint is that the “slowdown” is
a routine decadal fluctuation in temperature, and is not statistically different from
previous manifestations of internal climate variability [27, 28]. Another perspective
is that the “slowdown” was physically unusual, and resulted from the unusual tem-
poral coincidence of a negative (cooling) phase of the Interdecadal Pacific Oscillation
(IPO) and multiple external cooling influences [3]. From this second perspective, the
question of whether the “slowdown” was routine cannot be viewed in purely statisti-
cal terms: it must also be evaluated in the context of the time histories of radiative
forcing and internal variability. These statistical and physical perspectives are not

mutually exclusive. Both views of the “slowdown” have scientific value.

Most statistical studies of the “slowdown” have framed the “slowdown” as a rou-
tine fluctuation [27], with a warming rate that is not significantly different from 20th
century warming [28]. To the best of our knowledge, no previous study has explicitly

considered whether differences between simulated and observed tropospheric warming
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rates during the “slowdown” period are significantly larger than can be plausibly ex-
plained by internal variability alone. Failure to find such significant trend differences

would lend support to the routine nature of the “slowdown”.

We perform such significance tests here using satellite- and model-based estimates
of tropospheric temperature. There are two reasons for this choice. First, satel-
lite tropospheric temperature measurements have time-invariant, near-global coverage
22, 29, 30]. In contrast, there are large, non-random temporal changes in spatial cov-
erage in the observed surface temperature datasets used in most “slowdown” studies
[21, 31]. Second, satellite tropospheric temperature datasets have been a key com-
ponent of recent claims that current climate models are too sensitive (by a factor of
three or more) to human-caused changes in greenhouse gases [32, 33]. Errors of this
magnitude would diminish confidence in model projections of future climate change.

It is therefore critically important to evaluate the validity of such claims.

We focus on satellite-based measurements of global-scale changes in the temper-
ature of the mid- to upper troposphere (TMT). TMT data with near-global coverage
are available from three groups: Remote Sensing Systems (RSS) [22], the Center for
Satellite Applications and Research (STAR) [30], and the University of Alabama at
Huntsville (UAH) [34]. Older and more recent dataset versions are provided by each
of these groups (see Supplementary Material). A fourth group (the University of

Washington; UW) [29] produces TMT data for a tropical domain. We briefly discuss
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both tropical-scale TMT changes and global-scale changes in the temperature of the

lower troposphere (TLT); the latter are provided by RSS and UAH only.

Because TMT receives a contribution from the cooling of the stratosphere, a
standard regression-based approach was employed to correct for this influence [35].
Correction yields a more representative measure of bulk changes in tropospheric tem-
perature [36, 37, 38], and was performed for both satellite and model TMT data, as

described in the Supplementary Material, Section 2.

Model synthetic TMT data are from simulations of historical climate change
(“HIST”) and from simulations of 21st century climate change under Representative
Concentration Pathway 8.5 (RCP8.5). We also analyze control runs with no changes
in external forcings. The historical and RCP8.5 integrations yield information on the
tropospheric temperature response to combined anthropogenic and natural external
forcing. The control runs provide estimates of the natural internal climate variabil-

ity, which we use in assessing the significance of differences between modeled and

observed TMT trends.

The HIST numerical experiments typically begin in the mid-19th century and end
in 2005. To compare models and observations over the full satellite temperature record
(January 1979 to June 2016), HIST temperatures were spliced with temperatures from
the RCP8&.5 runs (“HIST48.5”; see Supplementary Material, Section 3.3). The HIST,

RCP8.5, and control simulations were performed under phase 5 of the Coupled Model
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Intercomparison Project (CMIP5) [39].

The multi-model average (MMA) of TMT changes in the HIST+8.5 simulations
is noticeably smoother than any individual observational TMT time series (see, e.g.,
the RSS results in Fig. 1A). This difference in the amplitude of variability is expected
[1, 6, 40]. In “free running” simulations with coupled models of the climate system,
the phasing of internally generated climate variability is random. By averaging over
49 different realizations of HIST+48.5 (performed with 37 different climate models),
the amplitude of random variability is reduced, more clearly revealing the underlying
temperature response to external forcings. In the real world, however, there is only

one sequence of internal climate variability.

In the MMA tropospheric warming over the satellite era is larger than in observa-
tions [41]. Differences between simulated and observed warming rates are noticeable
in the early 21st century (Figs. 1A, B). Another prominent feature of the observa-
tional results in Fig. 1 is the pronounced tropospheric warming associated with major
El Nifo events. In observations, the large 1982/83 El Nino partly obscured cooling
caused by the 1982 eruption of El Chichén. Because of the above-described noise
reduction arising from averaging over realizations and models, the cooling signatures
of El Chichén and Pinatubo are clearer in the MMA [1, 42]. Removal of temperature
variability induced by the internally generated El Nino/Southern Oscillation (ENSO)

improves the agreement between volcanic cooling signals in the MMA and in satel-
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lite tropospheric temperature data, but does not fully explain mismatches between

simulated and observed tropospheric warming during the early 21st century [1].

Next, we assess whether there are statistically significant differences between es-

timated tropospheric temperature changes in models and individual satellite temper-

ature datasets. We operate on the difference series ATy_,(k,t) = Ts(t) — To(k,1),

where k is an index over the number of observational datasets, t is an index over time

(in months), T'(t) is the MMA, and T,(k,t) is an individual observational tempera-

ture time series (see Supplementary Material, Section 4.1).

Our significance testing procedure rests on two assumptions. First, we assume
that the MMA provides a credible, “noise free” estimate of the true (but unknown)
externally forced tropospheric temperature signal in the real world. If this assumption
were valid, the difference series ATy_,(k,t) should largely reflect the departures of the
observed realization of internal variability from the externally forced signal.! A second
necessary assumption is that the CMIP5 control runs provide unbiased estimates of
the amplitude of natural internal variability, particularly on interannual to multi-

decadal timescales (see Supplementary Material, Section 4.6).2

'Tt is well-known, however, that systematic errors in certain external forcings in the HIST+8.5
simulations introduce biases in the MMA [11, 12, 13, 14, 20]. The behavior of ATy_,(k,t) must also
receive a contribution from these forcing errors. We seek to determine whether this contribution is

large enough to be discriminated from the effects of internal variability.

2Another (less critical) assumption implicit in our analysis is that the statistical properties of

“real-world” internal variability have not been strongly modulated by external forcing during the
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Under these two assumptions, we formulate the null hypothesis that departures be-
tween the expected and observed tropospheric temperature trends are consistent with
internal climate noise. Rejection of the null hypothesis can have multiple explana-
tions: systematic deficiencies in the model external forcings applied in the HIST+8.5

3 errors in the climate response to these forcings, errors in the simulated

simulations,
spectrum of internal variability, and residual inhomogeneities in the satellite temper-

ature measurements. These explanations are not mutually exclusive.

In previous studies of early 21st century differences between simulated and ob-
served warming rates, most attention focused on temperature changes over specific
10- to 15-year periods [2, 3, 21, 43]. The appropriateness of specific analysis period
choices has been the subject of debate [3, 21]. To avoid such debate, we focus instead
on L-year analysis timescales. We consider six timescales here: L = 10, 11, 12, 13, 14
and 15 years. For each timescale, an L-year “window” is advanced by one month at
a time through the ATy_,(k,t) difference series. A least-squares linear trend is cal-
culated for each window. We refer to these subsequently as “maximally overlapping
trends”. A key element of our analysis is that the significance of each overlapping
L-year trend in ATy_,(k,t) is evaluated relative to control run distributions of L-year
temperature trends — i.e., the difference series trend is compared with the behavior

of noise trends on the same timescale.

satellite era.

3Such as the neglect of moderate volcanic eruptions in the early 21st century [12, 17, 18, 19].



B. D. Santer et al. 11

Maximally overlapping trends are plotted in the left column of Fig. 2. As ex-
pected, shorter L-year trends are noisier. For example, for 10-year windows ending
close to 1999, difference series trends show large negative values associated with the
observed warming caused by the 1997/98 El Nifio. The use of longer trend-fitting

periods damps such end-point effects.

The overlapping trends in Fig. 2 have large, positive values for L-year windows
sampling a substantial portion of the early 21st century. During this period, the
average simulated warming is larger than the observed tropospheric warming in each
satellite dataset. We use CMIP5 control runs? to estimate the probability that trends
in ATy_,(k,t) are either unusually large or unusually small relative to unforced tem-
perature trends (see Supplementary Material, Section 4.3). The resulting empirical

p-values are plotted in Fig. 2 (right-hand column).

For most L-year trends ending after 2005, model-versus-observed differences in
tropospheric warming are significantly larger (at the 10% level or better) and more
persistent than can be explained by natural internal variability alone. This result
holds for all six satellite TMT datasets examined here. In contrast, L-year difference
series trends ending before 2005 are generally not significantly larger than unforced

TMT trends in the CMIP5 control runs. Qualitatively similar results are obtained

4Other means of estimating unforced variability temperature variability are also available, using
either statistical models of observational temperature data [44, 45] or observed residuals after removal

of an estimated externally forced temperature component [46, 47].
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for TMT averaged over the tropics, as well as for near-global changes in TLT (see

Supplementary Figures S1 and S2, respectively).

In each panel in the right-hand column of Fig. 2, there are both upper and lower
rejection regions for the null hypothesis stipulated above (“departures between the
expected and observed tropospheric temperature trends are consistent with internal
climate noise”). The upper rejection regions (p > 0.9 and < 1) are for significant
negative trends in ATy_,(k,t); the lower rejection regions (p > 0 and < 0.1) are
for significant positive trends in the difference series. Under the null hypothesis,
significant negative and positive trends in AT;_,(k,t) should be equally likely.> This
is clearly not the case. Significant positive trends dominate, particularly for trends
with start dates after 2000. There is only one small group of significant negative
trends in ATy_,(k,t) — the group with end points close to the anomalous warmth of

the 1997/98 El Nino.

Other features of Fig. 2 are also of interest. Consider, for example, the group of
positive 10-year trends ending between approximately 1990 and 1993 (Fig. 2B). As
noted above, El Chichdén’s cooling signal in satellite TMT data was partly masked
by the 1982/83 El Nino; this warm anomaly decreases the size of observed TMT

trends starting close to the time of the Chichén eruption. Because the phasing of

5Distributions of significant trends generated under the null hypothesis have average values that
are in accord with this expectation — i.e., they have the same numbers of significant positive and

significant negative trends (see discussion in Sections 4.5 and 4.6 of the Supplementary Material).
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ENSO is random in the HIST+8.5 simulations, the Chichén-induced cooling of TMT
is larger and clearer in the MMA [1, 42], so simulated TMT trends commencing close
to the Chichén eruption tend to be larger than in observations (Figs. 1A and B). The

influence of the 1982/83 El Nino diminishes as the trend fitting period is increased.

The large tropospheric warming caused by the 2015/16 El Nino event also has a
pronounced effect. As shorter (10- to 13-year) sliding windows sample this observed
warming spike, the size of trends in the AT}_,(k,t) difference series decreases, and
p-values increase (Figs. 2B, D, F, H). However, as the longer 14- to 15-year analysis
sliding windows approach the end of the TMT records, even the anomalous observed
warmth of late 2015 and early 2016 does not negate the larger simulated warming
during most of the “slowdown” period — i.e., trends in ATy_,(k, t) remain significantly

larger than unforced trends (Figs. 2J, L).

Figure 2 reveals large structural uncertainties in satellite TMT datasets. These
uncertainties reflect different choices in dataset construction, primarily related to the
treatment of orbital drift, the impact of orbital drift on sampling the diurnal cycle of
atmospheric temperature [22, 29, 30, 34, 48], and the influence of instrument body
temperature [49, 50]. For example, versions 5.6 and 6.0 of the UAH TMT dataset
have pronounced differences in tropospheric warming in the first third of the satellite
record. These differences (which are probably due to an update in how the UAH group

deals with instrument bias correction) are large enough to lead to different decisions
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regarding the statistical significance of initial trends in ATy_,(k,t) (compare the UAH

5.6 and 6.0 results in Figs. 2B, D, and F).

Our use of older and newer versions of satellite TMT records highlights the evo-
lutionary nature of these datasets. This evolutionary understanding is not always
well understood outside of the scientific community [32], which is why we choose to
illustrate it in Fig. 2. In the following analysis, however, we focus on newer dataset
versions, which incorporate adjustments for recently identified inhomogeneities, and

are likely to be improved relative to earlier dataset versions [22, 29].

The analysis in Fig. 2 focuses on the significance of individual trends in AT}_,(k, ).
It does not consider whether overall asymmetries in p-values (such as the preponder-
ance of significant positive trends in the difference series) could be due to internal
variability alone. To address this question, we define three asymmetry metrics. The
first is the 7 (k, ) statistic, which measures asymmetry in the distribution of signif-
icant positive and significant negative trends in ATy_,(k,t). The second and third
are the v5(k, 1) and ~3(k,[) statistics, which yield information on asymmetries in the

temporal distribution of the individual p-values in Fig. 2.

To assess these asymmetries in temporal distribution, the N;_,(!) maximally over-
lapping difference series trends in Fig. 2 are divided into two sets of approximately
equal size (SET 1 and SET 2). This is done for each value of the trend length L. The

difference in the total number of significant positive trends in SET 1 and SET 2 is
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v2(k,1). The difference in “set-average” p-values is v3(k,[). Further information on

all three asymmetry statistics is given in Section 4.5 of the Supplementary Material.

Figure 3 shows asymmetry statistics for the specific case of maximally overlap-
ping 10-year trends in ATy_,(k,t). The actual values of the asymmetry statistics
m(k, 1), v2(k, 1), and ~3(k, 1) (shown in Figs. 3A, C, and E, respectively) reflect the
above-described features of Fig. 2: a preponderance of significant positive trends in
ATy_,(k,t), a larger number of significant positive trends in SET 2 than in SET 1,
and a sharp decrease in average p-values between SET 1 and SET 2. We seek to
estimate the likelihood that these actual values could be due to internal variability

alone.® We refer to these probabilities subsequently as p., (k, 1), p,, (k, ), and p., (k,1).

Our procedure for estimating p., (k,1), p+,(k,1), and p,,(k,[) involves randomly
selecting 5,000 surrogate “observed” TMT time series from the CMIP5 control runs
(see Supplementary Material Figs. S3 and S4). Maximally overlapping L-year trends
in the surrogate observations are then compared with control run distributions of
unforced L-year trends. This yields 5,000-member null distributions of ~; (I, m)*,
Y2(l,m)*, and ~3(l,m)*, where we know a priori that the statistical properties of

the null distributions are solely influenced by internal variability.” The actual values

6See Section 4.6 of Supplementary Material regarding the credibility of model-based internal

variability estimates on multi-decadal timescales.

"Where [ and m are (respectively) indices over the number of values of the trend length L and

the number of surrogate observational time series, and * denotes a statistic calculated with surrogate
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of the asymmetry statistics are compared with the Monte Carlo-generated distribu-
tions to obtain estimates of p,, (k,{), p,,(k,1), and p.,(k,1) (see Figs. 3B, D, and
F). Full details of this significance testing procedure are given in Section 4.5 of the

Supplementary Material.

Figure 4 summarizes these probability estimates. By averaging over satellite
datasets and analysis timescales, we obtain the overall probabilities p:%, ﬁ, and
ﬁ (the magenta horizontal lines in each panel of Fig. 4). For the statistic gaug-
ing the asymmetry in the numbers of positive and negative difference series trends,
ﬁ ~ 0.004. On average, therefore, there is only a 1 in 250 chance that the actual
preponderance of significant positive trends in ATy_,(k,t) could be due to internal

variability alone (Fig. 4A).

Consider next the temporal asymmetries between SET 1 and SET 2 (Figs. 4B
and C). The likelihood is very small (p,, =~ 0.003) that random internal fluctuations
in climate could fully explain why SET 2 has a larger number of significant positive
difference series trends in ATy_,(k,t). Finally, the overall likelihood that the actual
decline in average p-values between SET 1 and SET 2 is due to random chance alone
is p:73 ~ 0.07. Other aspects of these overall significance results, such as the noticeable
timescale-dependence of p:% in Fig. 4C, are described in detail in Section 4.5 of the

Supplementary Material.

observations.
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The credibility of the estimated p-values in Figs. 2 and 4 is dependent on the
reliability of model-based estimates of natural variability. If CMIP5 models system-
atically underestimated the amplitude of tropospheric temperature variability on 10-
to 15-year timescales, it would systematically decrease p-values in Fig. 2, and spuri-
ously inflate the significance of individual difference series trends. In previous work,
we found no evidence of such a systematic low bias. On average, CMIP5 models
slightly overestimated the amplitude of decadal variability in TMT [51], suggesting

that the p-values in Fig. 2 may be conservative.

It is more difficult to assess the credibility of our estimated probabilities for the
overall asymmetry statistics shown in Fig. 4. Such an evaluation requires informa-
tion on model performance in capturing the “real-world” variability of tropospheric
temperature on longer 30- to 40-year timescales.® This information is not directly
available from relatively short satellite TMT records, and must instead be inferred
from other sources (see Supplementary Material, Section 4.6). Such indirect sources
do not support a systematic model underestimate of tropospheric temperature vari-

ability on 30- to 40-year timescales [52].

In summary, we attempted to assess the significance of differences between ex-
pected and observed tropospheric temperature trends. The first part of this assess-

ment was performed by fitting L-year trends to ATy_,(k,t), the time series of differ-

8These are the timescales on which we are trying to determine the likelihood of obtaining unforced

multi-decadal changes in the three asymmetry statistics analyzed here.
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ences between tropospheric temperature changes in the CMIP5 multi-model average
(MMA) and in individual satellite datasets. We systematically varied the length of
L and the start dates of the L-year trends. Each individual trend in ATy_,(k,t)
was compared with distributions of unforced L-year temperature trends from model
control runs. This yielded an estimate of the probability that an individual trend in

ATy_,(k,t) could be due to internal variability alone.

The twin assumptions in our significance assessment are that the MMA is a rea-
sonable estimate of the response to external forcing, and that internal variability
estimates from the CMIP5 control runs are reliable. If these assumptions are valid,
obtaining significant positive trends in ATy_,(k,t) should be as likely as obtaining
significant negative ATy_,(k,t) trends. This is not the case (see Fig. 2). Significant
positive trends — indicating model tropospheric warming that is substantially larger
than observed — are far more frequent occurrences, and are not randomly distributed
as a function of time. Almost all of the significant positive trends in AT_,(k,t) occur
preferentially for L-year trends that sample a substantial portion of the “slowdown”

in observed warming in the early 21st century.

In the second part of our analysis, we defined three statistical measures of asymme-
try in the p-value results shown in Fig. 2. These measures relate to imbalances in the
total numbers of significant positive and negative trends in ATy_,(k,t), to differences

in the temporal distribution of significant positive trends, and to decadal changes in
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average p-values (see Fig. 3). We addressed the question of whether the actual values
of these asymmetry statistics could themselves be due to multi-decadal internal vari-
ability. A Monte Carlo analysis suggests that on average,’ the likelihood is small that
the actual multi-decadal differences between expected and observed warming rates
are purely random. This likelihood ranges from 1 in 300 to 1 in 15, depending on
the choice of asymmetry statistic (see Fig. 4). It is still conceivable, however, that
a very unusual observed manifestation of internal variability is the primary driver of

our significance results [7].

The most plausible interpretation of these results is that the observed “slowdown”
was not a routine manifestation of internal variability. Instead, it reflects the unusual
temporal coincidence of multiple cooling influences, arising from the transition to a
negative phase of the IPO in roughly 1999 [3, 5, 7, 25], the phasing of other internal
variability modes [8, 10], a succession of moderate early 21st century volcanic erup-
tions [12, 17, 18, 53, 54], an anomalous solar cycle [13], a decrease in stratospheric

water vapor [11], and an increase in anthropogenic sulfate forcing [14, 20].

This interpretation is not solely based on our statistical analysis of the time series
of differences between simulated and observed tropospheric warming rates. It also
relies on physical understanding. This has two components. The first is an under-

standing of observational changes in the key modes of internal variability, volcanic

9 Averaging is over three different satellite datasets and six analysis timescales.
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aerosols, solar irradiance, water vapor, and anthropogenic aerosols. Changes in these
internal and external factors, while subject to some irreducible uncertainty, are real,

and have been documented in many of the above-cited studies.

The second component is based on models, and relates to our understanding of the
forcings used in the HIST+8.5 simulations, and the phasing of internal variability in
individual HIST+8.5 realizations. It is known that these simulations had systematic
errors in external forcing during the “slowdown” period (such as the neglect of a
sequence of moderate volcanic eruptions after 2000), and therefore underestimated
the tropospheric and surface cooling experienced by the real world [1, 11, 12, 14, 18,
53, 54, 23, 55|. These contributions have been evaluated in many model simulations.
Likewise, a number of model and observational studies have attempted to quantify
the temperature impact of model-versus-observed differences in the phasing of key

modes of variability [3, 5, 6, 7, 8, 9, 10].

It has been posited that the differences between modeled and observed tropo-
spheric warming rates are solely attributable to a fundamental error in model sensi-
tivity to anthropogenic greenhouse gas increases [33]. If this explanation were correct,
it would undermine confidence in model projections of future climate change. Several
aspects of the structure of ATy_,(k,t) cast doubt on the “sensitivity error” explana-
tion. First, it is difficult to understand why significant differences between expected

and observed warming rates should be preferentially concentrated in the second part
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of the satellite TMT record (see Fig. 2). A fundamental model sensitivity error
should be manifest more uniformly in time. Second, a large sensitivity error should
appear not only in trend behavior, but also in the response to major volcanic erup-
tions [42]. After removal of ENSO variability, however, there are no large systematic
model errors in tropospheric cooling following the eruptions of El Chichén in 1982
and Pinatubo in 1991 [1]. In summary, the evidence presented here and elsewhere
[56, 57, 41] does not support the claim that current climate models are (on average)

a factor of 3 to 4 too sensitive to anthropogenic greenhouse gas increases [33].

The temporary “slowdown” in warming has provided the scientific community
with a valuable opportunity to advance understanding of internal variability and
external forcing, and to develop improved climate observations, forcing estimates,
and model simulations. Further work is necessary, particularly to reliably quantify
the relative magnitudes of the internally generated and externally forced components
of surface and atmospheric temperature change.'® The science of what has erroneously
been called a warming “hiatus” has not yet reached a quietus, and is unlikely to do

so in the next several years.

10Tt would be useful to extend the statistical analysis presented here to the lower stratosphere. This
is of interest for multiple reasons: 1) the substantial contribution of the cooling stratosphere to TMT
[35, 36]; 2) the existence of systematic errors in stratospheric ozone forcing in the CMIP5 HIST+8.5
simulations [23, 58]; and 3) the fact that low-frequency changes in observed lower stratospheric
temperature data [59] appear to be in phase with both stratospheric ozone recovery [60] and with

the decadal changes in TMT.
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Figure 1: Time series (panel A) and difference series (panel B) of monthly-mean
near-global anomalies in simulated and observed tropospheric temperature. Results
are for the temperature of the mid- to upper troposphere (TMT), corrected for lower
stratospheric cooling [35] and spatially averaged over 82.5°N-82.5°S. Multi-model av-
erage (MMA) temperature data are from simulations of externally forced climate
change performed with 37 different CMIP5 models; satellite TMT data are for RSS
version 4.0 only [22]. Model TMT data were computed using vertical weighting func-
tions that approximate the satellite-based vertical sampling of the atmosphere [51].
The time series of differences between the MMA and the RSS data is shown in both
raw form and smoothed with a 12-month running mean (panel B). All anomalies are
relative to climatological monthly means calculated over January 1979 to December
2015. Observational (model) records extend to June 2016 (December 2016). The
vertical purple line is plotted at the time of the maximum global-mean tropospheric
warming during the 1997/98 El Nino. The vertical green lines denote the eruption
dates of El Chichén and Pinatubo. See the Supplementary Material for further de-
tails of the model and observational datasets and the regression-based method used

to correct TMT.

Figure 2: Trends (left column) in near-global averages of TMT difference series. The
six difference series were computed by subtracting each of the six individual satellite
TMT records from the HIST+8.5 multi-model average TMT time series (see Fig. 1).

Maximally overlapping trends were fit to each difference series. Results are for trend
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lengths of L = 10,11, ..., 15 years; the overlap between successive L-year trends is by
all but one month. The p-values associated with each L-year difference series trend
(right column) were obtained by testing against multi-model distributions of unforced
L-year TMT trends from 36 different CMIP5 control runs. The final month of each
satellite TMT time series is June 2016. Results are plotted on the last month of the
trend-fitting period. The grey shading denotes the rejection region (at a stipulated
10% significance level) for the null hypothesis that the difference between expected
and observed TMT trends could be due to internal variability alone. Each panel in
the right-hand column has two rejection regions: the lower (upper) region is for large
positive (large negative) trends in the model-minus-observed difference series. The
lower (upper) rejection region spans the p-value range 0 to 0.1 (0.9 to 1.0). The y-axis
range was extended to —0.06 to facilitate visual display of p-values at or close to zero.
To calculate the actual values of the v2(k, 1) and ~3(k, ) statistics in Figs. 3D and F,
the maximally overlapping L-year trends were divided into two sets of approximately
equal size (“SET 17 and “SET 27; see Supplementary Material, Section 4.4). The
dashed vertical lines in the right-hand column panels denote the final month of the

last L-year trend in SET 1.

Figure 3: Asymmetries in the statistical significance of differences between individual
expected and observed trends in near-global averages of corrected TMT. All results
are for maximally overlapping 10-year trends that are calculated from the ATy_,(k,t)

difference time series. The total number of significant trends in ATy_,(k, t) is strongly
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asymmetric, with more trends that are significantly positive than trends that are
significantly negative (panel A). Trend significance is assessed at the 10% level relative
to model-based estimates of natural internal variability on the 10-year timescale.
Actual values of the ~; statistic (the vertical lines in panel B) are the differences
between the numbers of significant positive and negative trends in panel A. Significant
trends in ATy_,(k,t) also show a pronounced asymmetry in the temporal distribution
of positive trends (panel C). To quantify this asymmetry and evaluate whether it
is unusual, we split the total number of maximally overlapping 10-year trends in
ATy_,(k,t) into two equally sized sets (SET 1 and SET 2). The number of positive
trends achieving significance at the 10% level or better is consistently larger in SET
2. The vertical lines in panel D are the actual values of the v, statistic, which is the
difference between the SET 1 and SET 2 bars in panel C. The average p-values in SET
1 and SET 2 are shown in panel E; the difference between these set-average values
is the 3 statistic (see vertical lines in panel F). The grey histograms in panels B,
D, and F were generated using 5,000 realizations of surrogate observations, randomly
selected from the 36 CMIP5 control runs (see Supplementary Material, Section 4.5).
The distributions provide information on whether the actual values of the statistics

(the vertical lines) could have been obtained by natural variability alone.

Figure 4: Overall statistical significance of the asymmetry statistics, v1(k, 1), y2(k, ),
and 73(k, 1), as a function of the selected observational dataset used to compute the

ATy_,(k,t) difference time series and the selected analysis timescale. For definition
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of the asymmetry statistics, refer to the caption of Fig. 3 and the Supplementary
Material, Section 4.4. Results in Fig. 4 are estimates of p,,(k,1), p.,(k,{), and
P~ (K, 1), the probabilities that each actual value of the asymmetry statistic could have
been obtained by natural internal variability alone (panels A, B, and C, respectively).
The magenta lines in panels 4A, B, and C are values of p:w p:727 and ﬁ These are the
averages (over the three recent observational datasets and the six analysis timescales)
of py, (k,1), py,(k,1), and p.,(k,1). Zero values of the probabilities are indicated by
colored arrows. Note that the y-axis range in Figs. 4A and B is an order of magnitude

smaller than in Fig. 4C.
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TMT: Tests of Difference Series Trends Against Internal Climate Variability
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Asymmetries in Significance of Model-Minus-OBS TMT Differences (10-yr trends)
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