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1 Calculating the Standard Errors

Standard techniques for correcting publication bias suppose that the ratio of the effect estimates
to their standard errors has a t-distribution, which implies approximately normally distributed
estimates of climate sensitivity (Stanley |2005). Therefore, the estimates should not be cor-
related with their standard errors. With asymmetric distributions this assumption does not
necessarily hold, but there is no reason why climate sensitivity estimates should not be dis-
tributed symmetrically. None of the collected studies reports the standard error, so we use the
confidence interval to calculate it. Assuming standard normal distribution of climate sensitivity
estimates we construct the standard errors according to Wooldridge| (2012)) in the following way:
up — est
SEyp=—", (1)
z

where SEup denotes the standard error, up represents the upper bound of the confidence
interval, est is the estimate of climate sensitivity, and z is the corresponding value for the

magnitude of the confidence intervals. In most of the studies, 90% confidence intervals are
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reported, implying thatz equals 1.645. One study reports only 66% confidence intervals and for

that we use a z of 0.955. Because the estimates are in most cases asymmetrically distributed we

compute two values of the standard error depending on which bound we use for the calculation.
est — low

SElow - T7 (2)

where SFEj,, denotes the standard error andlow represents the lower bound of the confidence

interval. The assumption of normality is the best choice even if it is inaccurate. Law et al.[ (1994,

p. 427) mention that the assumption of normality “is commonly made in social science research
under circumstances in which it cannot be known with certainty to be correct.” According
, in the absence of bias normality is a common assumption in meta-analysis.
Moreover, p. 252) notes that “the failure of normality assumption, unless ex-
treme, bears only marginally on the validity of the conclusions drawn.” Therefore, we consider
standard normal distribution of estimates of climate sensitivity to be a good approximation. For
assurance, we check whether the possible relationship between the estimates and their standard
errors is caused only by huge asymmetry in the distribution using the ratio of the standard errors

i

constructed from “below” and from “above”. The calculated standard errors are summarized

in the online appendix.

2 Details about the Studies Collected

One of the studies included does not report what significance level is assumed by the confidence
interval and only states that the mean value of the estimate of climate sensitivity “may very
likely vary from 0.9 to 27 (Scafettal2013b). We believe it should be the 90% confidence interval,
as that is the most frequent one, so we use a z value of 1.645 in constructing the standard error
terms. If we are wrong, the bias caused by this should not be significant, as it appears in just

this one case.

Table 1: List of primary studies used

Andronova & Schlesinger| (]2001[) Lindzen & Choi| (]2011[)
Forest et al.| (2006 Murphy et al.| (2004)
Frame et al.| (2005 Piani et al.| (2005)
Gregory et al. (2002) Scafettal (2013a))
Hargreaves & Annan| (2009) Scafettal (2013Db)

Hegerl et al.| (2006) Schmittner et al. 42011D
Huber| (2011 Webb et al.| (2006)
Knutti et al. (2006) Wigley et al.| (2005)

Notes: The search for primary studies was terminated on March 3, 2014.

LLindzen & Choi| (2011) report two confidence intervals for one estimate of climate sensitivity.

We would have to include this estimate twice if we were to calculate with both intervals. In



order to keep the data as consistent as possible, we use only the 90% confidence interval of the
estimate in constructing the standard error (the studies in the data set mostly report a 90%

confidence interval).

3 Robustness Checks for the Calculation of Publication Bias

compares the results of all the specifications — WLS, FE, and mixed-effects multilevel
— using the standard error constructed using the upper limit of the confidence interval of the
estimated climate sensitivities. The result should verify the robustness of our analysis with
the standard error constructed using the lower tail of the confidence interval of the estimated
CS. Both regressions yield a significant coefficient of publication bias at least at the 1% level.
The magnitude of the bias based on the upper (lower) limit is 0.84 (2.58) in the case of WLS,
0.78 (2.19) in the case of mixed-effects multilevel, and 0.88 (2.04) in the fixed-effects regression.
Therefore, we have good reason to believe that the choice of Sej,, for implementation in the
meta-analysis does not damage its results. We will explain later why significant publication

bias of around |2| signals publication selectivity.

Table 2: Test of publication bias using Se,,

Response variable: Mixed-effects Clustered OLS Fixed-effects

t-statistic

Constant (publication bias) 0.78%** 0.844%** 0.882%**
(0.245) (0.201) (0.206)

1/SEup 2.227F** 2.388%** 2.3277H%*
(0.192) (0.336) (0.275)

mea/SE,, -0.59%** -1.216%* -0.645%**
(0.083) (0.421) (0.115)

Observations 42 42 42

Likelihood-ratio test (x?) 2.91%*

R? 0.679 0.821

Notes: Standard errors are shown in parentheses and clustered at the study level. Null hypothesis for the
likelihood-ratio test Ho: no between-study heterogeneity (that is, mixed-effects multilevel has the same benefit
as OLS). *** ** and * denote statistical significance at the 1%, 5%, and 10% level.

The suitability of taking the estimate of climate sensitivity as mix of mean and median
estimates should not be overlooked. The effect of the mode and the best estimate can be
neglected, since there are only six such estimates in the sample. Some studies report both
median and mean estimates, which creates a good subset for testing. These two new samples
contain all the mean estimates that are in the original data set, but they also contain an extra
11 median estimates. [lable 3| summarizes all the results, showing that there are quite huge
differences in the magnitude of the bias depending on whether the mean or median estimate of

climate sensitivity is used. The likelihood-ratio test does not reject the null hypothesis in the



model with the median, which suggests that mixed-effects multilevel has no advantage over OLS
regression (which means that between-study heterogeneity is present). However, the LR test
rejects this hypothesis in the specification with mean estimates, suggesting that mixed-effects
multilevel is more appropriate. The likely reason why only the model with median estimates
suffers from between-study heterogeneity is that it contains estimates from 11 studies, while
the model with mean values contains estimates from only half of them, i.e., from six studies.
Concentrating the OLS regression by mean estimation and the multilevel regression by median
estimation, the constants in both cases are significant at least at the 1% level, which indicates
publication bias. The magnitudes differ: the bias in studies reporting mean estimates is more

than twice that in studies reporting the median value.

Table 3: Test of publication bias on subsets

Mixed-effects multilevel Clustered OLS
Response variable: mean median mean median
t-statistic
Constant (publication bias) 4.154%** 1.8477+#* 4.154%F%  1.813%*
(1.068) (0.537) (0.828)  (0.616)

1/SE 0.564** 1.596*** 0.564***  1.663**

(0.288) (0.273) (0.061)  (0.558)
Observations 25 28 25 28
Studies 6 11 6 11
Likelihood-ratio test (x?) 0 3.79%*

Notes: Standard errors are shown in parentheses and clustered at the study level. Null hypothesis for the
likelihood-ratio test Ho: no between-study heterogeneity (that is, mixed-effects multilevel has the same benefit
as OLS). *** and ** denote statistical significance at the 1% and 5% level.

However, the whole sample provides more reliable results, since it contains 48 estimates
of climate sensitivity, which means it is almost two times larger than each of the individual
subsets. Although it does not include the 11 median estimates, it instead incorporates the
mean values and six more estimates from other studies. Moreover, all the specifications correct
for differences between the mean and other estimates using the mea variable. Its negative
sign indicates that the mean estimates should be lower than the median estimates on average
(or, except for OLS models, they have higher standard errors on average, which reduces their
t-statistics and makes them less precise). This matches the data: the averages of the mean and
median estimates differ slightly (3.42 and 3.21, respectively) and the averages of their standard
errors differ more (1.16 and 0.79, respectively). Consequently, the median estimates have a
higher t¢-statistic than the mean estimates on average. We therefore add an interaction term
between the standard error and mea into equation (1) in the paper to distinguish whether the
differences in the mean and median estimates imply variance in publication bias or variance in
the magnitude of climate sensitivity (Stanley et al.|[2008). The first row in refers to



specification (1) and indicates that the added interaction term is statistically insignificant. The
interaction term, however, is highly correlated with the standard error of climate sensitivity and
the two together are significant. After weighting by the standard errors of CS (which means
the interaction term changes to mea) the “interaction” term becomes statistically significant at
least at the 5% level in all models (WLS, fixed-effects, mixed-effects). Its sign is negative in all
cases, which reduces the magnitude of the publication bias of the studies using mean estimates.
However, the results are not consistent with the analysis of the subsets, where the selectivity
in studies using mean estimates of climate sensitivity seems to be higher. To sum up, there is
no solid evidence to suggest that the magnitude of publication bias varies between mean and

median estimates.

Table 4: Test of differences in publication bias between mean and median estimates

Response variable: OLS WLS FE ME
Estimate of CS t-statistic
SE*mea -0.078
(0.195)
mea -0.962%*F  _3.112%**  _1.152%**

(0.373)  (0.029) (0.46)

Notes: ME denotes mixed-effects multilevel, OLS ordinary least squares, and FE fixed-effects regression.
Standard errors are shown in parentheses and clustered at the study level. *** ** and * denote statistical
significance at the 1%, 5%, and 10% level.

Table 5: Multivariate meta-regression

Response variable: Mixed-effects Clustered OLS Fixed-effects

t-statistic

Constant (publication bias) 1.929%** 2.352%%* 1.764%+*
(0.344) (0.179) (0.119)

1/SE 1.74%%* 1.476%** 2.255%**
(0.187) (0.309) (0.099)

mea/SE -1.152%k* -0.873%** -1.676%**
(0.184) (0.276) (0.089)

Ice 0.901** 0.844%** 0.941%**
(0.452) (0.186) (0.136)

Observations 48 48 48

Likelihood-ratio test (x?) 7.6

R? 0.788 0.659

Notes: Standard errors are shown in parentheses and clustered at the study level. Null hypothesis for the
likelihood-ratio test Ho: no between-study heterogeneity (that is, mixed-effects multilevel has the same benefit
as OLS). *** ** and * denote statistical significance at the 1%, 5%, and 10% level.



The studies employ distinct characteristics and data sets, which may themselves lead to
systematically different results and magnitudes for publication bias. Although it is not the main
aim of this paper, we try to find out whether some aspects of primary studies can influence
the differences in outcomes between individual estimates (that is, publication bias). With the
stepwise regression, only mea, ice, and cloud were chosen as possible drivers out of the 14
variables. However, the fixed-effects model omits cloud because of collinearity. Therefore, the
final model contains only one extra variable compared to the previous specifications. The results
in again signal serious publication selectivity and put the true climate sensitivity in the
range of 1.47-2.26. This serves as a robustness check of the analysis, since the results do not
differ. Selectivity seems to be higher in the 10 studies using data about ice surface (it increases
Bo by approximately 0.9), but some studies do not report all the characteristics used to estimate

climate sensitivity, hence we cannot take this result as a rule.

4 Additional Tables

Table 6: Summary statistics of regression variables

Variable Observations Mean Std. dev. Min Max
Climate sensitivity 48 3.274 1.847 0.7 104
Mean estimate of CS 25 3.417 2.462 0.7 104
Median estimate of CS 28 3.139 1.026 1.38 6.1
Mode estimate of CS 2 2.9 0 29 29
Best estimate of CS 5 2.82 0.75 1.54 34
constructed t-statistic 48 4.316 1.86 2.043 11.475
low (confidence interval) 48 1.689 0.596 03 29

up (confidence interval) 42 5.796 3.171 1 17.8
Selow 48 0.975 0.983 0.061 5.046
Seup 42 6.695 32.139 0.182 218.28
Publication year 48 2007.813 3.535 2001 2013
No. of citations of study 48 124.646  186.317 2 918
No. of models in study 48 9.417 21.576 1 128

Notes: 11 studies report both mean and median estimates of climate sensitivity. In these cases, only the mean
estimate is included in the data set for this meta-analysis (i.e., the climate sensitivity variable contains 17
median estimates), except for the specification where all the median estimates collected are used. Similarly,
the climate sensitivity variable contains only the four best estimates. The t-statistics are computed in the
following way: cs;/Se(cs;), with the use of the standard error of the CS estimate constructed from the lower
limit of the reported confidence intervals. The search for primary studies was terminated on March 3, 2014.



Table 7: List of dummy variables and their description

Variable Description Number of studies that use it
ASA Aerosol forcing 17
solar Solar irradiation 32
cloud Cloud feedback 15
ozone Ozone forcing 29
volcanic  Volcanic forcing 10
ice Information about the ice sheet 10
mo The study uses models for generating data 19
mea The estimate of CS is the mean 25
medi The estimate of CS is the median 28

Notes: 11 studies report both mean and median estimates of climate sensitivity. In these cases, only the mean
estimate is included in the data set for this meta-analysis (i.e., the data set contains 17 median estimates),
except for the specification where all the median estimates collected are used. The search for primary studies
was terminated on March 3, 2014.

Table 8: Summary statistics of collected estimates of
climate sensitivity

Variable Observations Mean Std. dev. Min Max
Median estimates of CS used 17 3.212 0.921 1.5 6.1
in climate sensitivity variable

Median estimate of CS 28 3.139 1.026 1.38 6.1
Mean estimate of CS 25 3.417 2.462 0.7 104
Mode estimate of CS 2 2.9 0 29 29
Best estimate of CS 4 2.82 0.75 1.54 34
Climate sensitivity 48 3.274 1.847 0.7 104

Notes: The climate sensitivity variable contains the estimates included in the data set for the meta-analysis. 11
studies report both mean and median estimates of climate sensitivity. In these cases, only the mean estimate
is included in the data set (i.e., the climate sensitivity variable contains 17 median estimates), except for
the specification where all the median estimates collected are used. Similarly, the climate sensitivity variable
contains only the four best estimates. The search for primary studies was terminated on March 3, 2014.



Table 9: Summary statistics of standard errors

Standard error of: Observations Mean Std. dev. Min Max
Median estimates of CS used 17 0.794 0.562 0.304 2.736
in the climate sensitivity variable

Median estimate of CS 28 0.861 0.607 0.298 2.827
Mean estimate of CS 25 1.165 1.264 0.061 5.046
Mode estimate of CS 2 0.547 0.086 0.486 0.608
Best estimate of CS 4 0.78 0.115 0.669 0.942
Climate sensitivity (all together) 48 0.975 0.983  0.061 5.046

Notes: The climate sensitivity variable contains the estimates included in the data set for the meta-analysis. 11
studies report both mean and median estimates of climate sensitivity. In these cases, only the mean estimate
is included in the data set (i.e., the climate sensitivity variable contains 17 median estimates), except for
the specification where all the median estimates collected are used. Similarly, the climate sensitivity variable
contains only the four best estimates. The search for primary studies was terminated on March 3, 2014.

Table 10: Differences in publication bias between mean and median estimates of
climate sensitivity

Response variable: ME Clustered OLS Clustered FE

t-statistic

Constant (publication bias) 3.716%** 3.668%** 4.820%**
(0.331) (0.365) (0.103)

1/SE 0.614%** 0.618%** 0.596***
(0.064) (0.08) (0.047)

mea -1.152%* -0.962** -3.114%**
(0.46) (0.373) (0.029)

Observations 48 48 48

R? 0.602 0.421

Likelihood-ratio test (x?) 5.93***

Notes: Standard errors are shown in parentheses and clustered at the study level. ME denotes
mixed-effects multilevel, OLS ordinary least squares, and FE fixed-effects regression. Null hy-
pothesis for the likelihood-ratio test Ho: no between-study heterogeneity (that is, mixed-effects
multilevel has the same benefit as OLS). *** and ** denote statistical significance at the 1% and
5% level.




Table 11: List of constructed standard errors

ID study Estimate of CS Lower limit Upper limit =z Seiow  Seup
2 2.3 1.2 5.2 1.96 0.669 1.763
3 3.2 2.2 4.3 1.96 0.608 0.669
3 3.3 2.2 4.6 1.96 0.669 0.79
3 3.4 2.3 4.4 1.96 0.669 0.608
3 3.3 2.2 4.4 1.96 0.669 0.669
3 3.1 1.9 4.7 1.96 0.729 0.973
3 3.4 1.5 6.4 1.96 1.155 1.824
4 2.9 2.1 8.9 1.96 0.486 3.647
4 2.9 1.9 4.7 1.96 0.608 1.094
5 3.3 2.2 6.8 1.96 0.669 2.128
6 6.1 1.6 - 1.96 2.736 -

7 1.43 0.94 2.04 1.96 0.298 0.371
7 3.46 1.9 6.02 1.96 0.948 1.556
7 7.53 2.88 17.8 1.96 2.827 6.243
7 3.4 1 9.3 1.96 1.459 3.587
8 2.9 1.9 5.3 1.96 0.608 1.459
8 3.5 2.4 5.4 1.96 0.669 1.155
10 3.8 2.3 6.3 1.96 0912 1.52
10 3.3 2.1 7.1 1.96 0.729 231
11 2.83 1.28 6.32 1.96 0942 2.122
11 1.54 0.3 7.73 1.96 0.754 3.763
11 3.03 1.79 5.21 1.96 0.754 1.325
12 1.5 1 2.3 1.96 0.304 0.486
13 3.5 2.6 4.5 1.96 0.547 0.608
13 2.4 1.7 3.4 1.96 0.426 0.608
16 2.6 1.4 6.1 1.96 0.729 2.128
16 3.4 1.2 8.6 1.96 1.337 3.161
17 3.4 2.9 4 1.96 0.304 0.365
17 4 2.6 5.4 1.96 0.851 0.851
17 3.6 1.7 6.5 1.96 1.155 1.763
17 1.8 1.3 2.3 1.96 0.304 0.304
17 3.3 2.2 5.1 1.96 0.669 1.094
18 2.2 1.7 2.6 0.955 0.524 0.419
18 2.2 1.4 2.8 0.955 0.838 0.628
18 2.1 1.3 2.7 1.96 0.486 0.365
18 3.4 2.2 4.6 1.96 0.729 0.729
19 0.7 0.6 1 1.96 0.061 0.182
19 8.1 1.6 - 1.96 3.951 -

19 1.7 0.9 8 1.96 0486 3.83
19 7.9 2.2 - 1.96 3.465 -

19 2.2 1.1 - 1.96 0.669 -

19 2.5 1.5 8.7 1.96 0.608 3.769
19 2.7 1.3 - 1.96 0.851 -

19 10.4 2.1 - 1.96  5.046 -

19 2.2 1.3 6.4 1.96 0.547 2.553
19 2.4 1.3 14.7 1.96 0.669 7.477
19 1.7 1 8.8 1.96 0426 4.316
20 1.35 0.9 2 1.96 0.274 0.395
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