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Abstract 

For a model to be useful for policy decisions, statistical fit is insufficient. Evidence that the model 
provides out-of-estimation-sample forecasts that are more accurate and reliable than those from 
plausible alternative models, including a simple benchmark, is necessary. 

The UN’s IPCC advises governments with forecasts of global average temperature drawn from 
models based on hypotheses of causality. Specifically, manmade warming principally from car-
bon dioxide emissions (Anthro) tempered by the effects of volcanic eruptions (Volcanic) and by 
variations in the Sun’s energy (Solar). Out-of-sample forecasts from that model, with and without 
the IPCC’s favoured measure of Solar, were compared with forecasts from models that excluded 
human influence and included Volcanic and one of two independent measures of Solar. The mod-
els were used to forecast Northern Hemisphere land temperatures and—to avoid urban heat island 
effects—rural only temperatures. Benchmark forecasts were obtained by extrapolating estimation 
sample median temperatures.  

The independent solar models reduced forecast errors relative to those of the benchmark model 
for all eight combinations of four estimation periods and the two temperature variables tested. 
The models that included the IPCC’s Anthro variable reduced errors for only three of the eight 
combinations and produced extreme forecast errors from most model estimation periods. The 
mean correlation between estimation sample statistical fit and forecast accuracy was -0.30. 

Further tests might identify better models: Only one extrapolation model and only two of many 
possible independent solar models were tested, and combinations of forecasts from different 
methods were not examined.  

The anthropogenic models’ unreliability would appear to void policy relevance. In practice, even 
the models validated in this study may fail to improve accuracy relative to naïve forecasts due to 
uncertainty over the future causal variable values. Our findings emphasise that out-of-sample 
forecast errors, not statistical fit, should be used to choose between models (hypotheses).  
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1. Introduction 

What has caused changes in annual average temperatures on Earth over recent decades and what, 
therefore, can we expect in the way of temperature changes over coming decades? 
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Those are questions that were originally posed by the United Nations Intergovernmental Panel on 
Climate Change (IPCC) in the Second Assessment Report published in 1996. The first of the 
questions has been referred to as the “attribution problem” among contributors to the IPCC project 
(see p. 413 Santer et al., 1996). Proposed answers can be expressed as hypotheses, or mathemat-
ical models, of the putative causal relationships. 

The second question is a forecasting, or predictive validity, problem that can be answered using a 
key element of the scientific method. Namely, the testing of multiple reasonable hypotheses of 
causality (models) against data that were not used in the development of the hypotheses and esti-
mation of the model parameters by forecasting the data that were unknown to the model.  Doing 
so enables the researcher to identify the model with the greatest predictive validity and, poten-
tially, to use that model for making useful forecasts. 

One plausible causal variable is the energy flux and flow that the Earth receives from the Sun, 
which can in turn be thought of as being, broadly, a function of variations in (a) the quantum of 
solar energy that reaches the Earth’s atmosphere, and the proportions of that energy that (b) 
reaches the Earth’s surface, and (c) escapes from the Earth’s surface and atmosphere. The energy 
that reaches and escapes from the Earth’s surface is affected by the composition of the Earth’s 
atmosphere—gases and aerosols—the composition of which may change. 

The IPCC were tasked with identifying the effect of human activity on global and regional surface 
temperatures. Chapter 8 of the IPCC’s Second Assessment Report—titled, “Detection of Climate 
Change and Attribution of Causes”—opens with the statement “Since the 1990 IPCC Scientific 
Assessment considerable progress has been made in attempts to identify an anthropogenic effect 
on climate” (p. 411, Santer et al., 1996). Other statements in the chapter summary indicate the 
authors’ reservations regarding the state of knowledge on human influences on climate: e.g., 
“…large uncertainties still apply to current estimates of the magnitude and patterns of natural 
climate variability…” and “Our ability to quantify the magnitude of this effect is presently limited 
by uncertainties in key factors, such as the magnitude of longer-term natural variability and the 
time-evolving patterns of forcing and response to changes in greenhouse gases, aerosols and other 
human factors” (p. 411, Santer et al., 1996). 

In their attempts to achieve the IPCC objective of identifying a human cause for temperature 
changes—specifically “global warming”—the IPCC researchers have framed the problem as one 
of “attributing” changes in the Earth’s temperature to the respective contributions of putative an-
thropogenic (“Anthro”)—principally carbon dioxide emissions altering the composition of the 
atmosphere—and natural influences—principally aerosols from volcanic eruptions altering the 
composition of the atmosphere (“Volcanic”), and total solar irradiance, or TSI, variations (“So-
lar”). Given the task they were set, the IPCC researchers have devoted much of their efforts into 
developing estimates of the Anthro variable.  

The IPCC’s most recent, AR6, report (IPCC, 2021) only considered one estimate of Solar for the 
purpose of attribution (Matthes et al., 2017) and made no allowance for the effect of urban heat 
islands on the temperature measures they used (Connolly et al., 2021, 2023; Soon et al., 2023). 
Moreover, a study of the statistical attribution or “fingerprinting” approach used by IPCC re-
searchers (e.g., Allen and Tett, 1999; Hasselmann, et al., 1995; Hegerl et al., 1997; Santer et al., 
1995) concluded that the approach was invalid (McKitrick, 2022). The IPCC authors’ analyses 
failed to meet the assumptions of the method they used, and they failed to correctly implement 
the method.  

In sum, the objective given to the IPCC researchers and the approach that they have taken suggests 
that plausible alternative hypotheses on the causes of terrestrial temperature changes may not have 
been adequately tested, as is required by the scientific method (Armstrong and Green, 2022). That 
concern is consistent with Armstrong and Green’s (2022) observation that government sponsor-
ship of research can create incentives that may influence researchers’ choices of hypotheses to 
test and how they test them. 
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1.1 Alternative hypotheses on Solar 

To address the first of the foregoing limitations in the IPCC attribution studies—failure to fairly 
test alternative TSI estimates—Connolly et al. (2021, 2023) comprehensively reviewed alterna-
tive estimates of TSI covering the 169 years from 1850 to 2018. In addition to the Matthes, et al. 
(2017) TSI estimates series used by the IPCC (2021)—henceforth “IPCC Solar”—Connolly et al. 
(2023) identified 27 alternative Solar time series.1  

The alternative estimates of Solar correlate quite well with the TSI used in the AR6 report—
Pearson’s r values range between 0.39 and 0.97 with a median of 0.82—but the degree of TSI 
variation in Watts per square metre (Wm-2) differs considerably between the estimates. The ranges 
of the individual alternative TSI estimate series vary between 0.49 and 4.64 Wm-2, with a median 
range of 1.77 Wm-2, while IPCC Solar has a range of only 0.19 Wm-2.  

In this study, we consider two plausible TSI reconstructions from Connolly et al. (2023). Those 
from Hoyt and Schatten (1993) and from Bard et al. (2000), which Connolly et al. (2023) updated 
to the year 20182. The former TSI record (“H1993 Solar”) was based on the so-called multi-
proxy—i.e., equatorial solar rotation rate, sunspot structure, the decay rate of individual sunspots, 
the number of sunspots without umbrae, and the length and decay rate of the 11-yr sunspot activity 
cycle—reconstruction of the solar irradiance history.  

H1993 Solar was previously considered and endorsed by the IPCC’s AR4 report (IPCC, 2007; 
see “Supplementary Materials for Chapter 9” of Working Group One report). In contrast to IPCC 
Solar, the range of values taken on by H1993 Solar is the second largest of the 27 alternative TSI 
estimates at 4.2 Wm-2. Its correlation with IPCC Solar was the 23rd largest, or fourth smallest, at 
0.62. 

The latter TSI reconstruction (“B2000 Solar”) was based on cosmogenic isotope measurements 
of 14C in tree rings and 10Be in polar ice cores. The range of values taken on by B2000 Solar is 
the 11th largest of the 27 alternative TSI estimates at 2.1. Its correlation with IPCC Solar was the 
lowest of the 27 alternatives at 0.39. The correlation between B2000 Solar and the AR4-endorsed 
H1993 Solar, on the other hand, was 0.77, which is the fourth highest correlation among the cor-
relations of the TSI alternatives with H1993.  

Note that the alternative TSI time series—H1993 Solar and B2000 Solar—are both independent 
of each other and from the temperature data used in the analysis presented in this paper. The two 
records are derived from physically distinct measures: the former from solar activity measures 
(mainly sunspots), and the latter from incoming cosmic ray data. Temperature data are from ter-
restrial weather station records. 

1.2 Alternative hypotheses on temperature estimation 

The IPCC’s attribution studies do not account for the direct effects of human activities on local 
temperatures (heat islands)—the second weakness addressed in this study. For example, heating 
and cooling of building interiors, electricity generation, manufacturing, freight and transport, as-
phalt and concrete, and where vegetation and open water have been removed or added. Where 
temperature readings are taken close to such human sources of heat or absence of natural cooling, 

 
1 Connolly, et al.’s (2023) data set is available at https://zenodo.org/records/8225275 (DOI 10.5281/ze-

nodo.8225274), and is the only data used in the study presented in this paper. 
2 Connolly, et al. (2023) used version 3 of the Global Historical Climatology Network (GHCN) data, which 

ends in 2018.   
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they cannot properly reflect the individual effects of human emissions of carbon dioxide, etc., that 
the IPCC are concerned about (their Anthro variable), the Volcanic variable, and TSI.   

To address this second limitation in the IPCC attribution studies, Connolly et al. (2021, 2023) 
developed four alternative estimates of surface temperatures that were intended to avoid heat is-
land effects. They were based on rural only weather station readings, sea surface temperature 
readings, tree-ring width measurements, and glacier length measurements. For comparison with 
the approach used by the IPCC, they also developed an all-land temperature estimates series for 
the Northern Hemisphere. 

Connolly et al.’s (2021, 2023) temperature series were confined to estimates for the Northern 
Hemisphere due to the relative scarcity of long records from geographically dispersed locations 
in the Southern Hemisphere. This study uses Connolly et al.’s (2021, 2023) all-land and the alter-
native rural-land series—“NH All Land Annual Average Temperature” and “NH Rural Land An-
nual Average Temperature,” respectively—in order to test hypotheses on causality. The two series 
were derived from individual thermometer and weather station readings.3 

1.3 Hypothesis validity criterion 

In assessing alternative hypotheses on TSI and temperature estimation, Connolly et al. (2021, 
2023) were primarily concerned with determining the plausibility of alternative models of surface 
temperature relative to the IPCC hypothesis that temperature changes over recent decades have 
been in a large part caused by human emissions of carbon dioxide, etc. (Anthro). To do that, they 
compared the statistical fits (coefficients of determination, or R2s) of their alternative models us-
ing a diversity of estimates of TSI and of temperature. They found that many of the models that 
included an alternative Solar estimate, but not the IPCC’s Anthro, were as plausible if not more 
so than the IPCC’s Anthro, Volcanic, IPCC Solar formulation when assessed against the R2 crite-
rion. 

Measures of statistical fit such as R2 do not, however, provide useful information about predictive 
validity. There are theoretical reasons and empirical evidence in support of that assertion.  

For the former—theoretical reasons—consider that correlation is not evidence of causation, and 
that especially with the plethora of data on many and various phenomena readily available, it is 
not difficult to achieve a statistical fit measurement that is consistent with discipline norms with-
out consideration of evidence on causality. Take, for example, an ordinary least squares (OLS) 
regression model of NH All Land Annual Average Temperature as a function of U.S. Postal rates 
for stamped cards estimated over the period 1873 to 2018—the period of data overlap (Historian, 
2023). The adjusted-R2 of the model is 0.35, which is greater than adjusted-R2s of 12 of the 35 
proposed causal model formulations listed in Connolly et al.’s Table 1 (2023).  

For the latter—empirical evidence on the relationship between statistical fit and validity—see, 
e.g., Armstrong (2001) on evaluating forecasting methods. See also Soon, Connolly and Con-
nolly’s (2015) discussion on four types of correlations: causal, commensal, coincidental and con-
structional. The IPCC reports’ authors are not consistently clear in distinguishing between the 
four possibilities in the conduct of their “attribution” studies. Given that the collective of IPCC 
researchers is responsible for constructing the data series that are used in their models, there is a 

 
3 No indirect temperature proxies such as those derived from ice or sea sedimentary cores or from tree-

rings were involved in this study: All the temperature records were from instrumental thermometers. We 
were only concerned with contrasting the outcomes based on the rural-only temperature data with those 
derived from rural and urban (i.e., “All”) temperature data. Another important piece of evidence to con-
sider is that the rural-only temperature record we adopted in this paper compares well with sea surface 
temperature and two other indirect temperature proxies based on tree-ring and glacier studies. The rela-
tionships are documented in Connolly et al. (2023). 
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possibility that the correlations are to some extent unintentionally constructional, rather than 
causal. 

Comparing R2s cannot, therefore, help to answer the second question: “what can we expect in the 
way of temperature changes over coming decades?”. To answer the second question, we need to 
know which hypothesis, or model, provides forecasts about data unknown to the model that are 
more accurate than those from a simple and plausible benchmark model and more accurate than 
those from alternative plausible models.  

This study provides a partial answer to that question by testing some of the model/variable com-
binations developed by Connolly et al. (2021, 2023) for their predictive validity relative to a sim-
ple benchmark model. In accord with good scientific practice, the model/variable combinations 
were chosen a priori, for the reasons described in section 2.1 below, and no other combinations 
were tested. 

1.4 Benchmark hypothesis 

To obtain useful scientific findings, a plausible benchmark hypothesis—ideally the likely strong-
est competitor—is needed. In this study, we needed a model that was consistent with evidence-
based forecasting principles. An overarching principle of forecasting—known as The Golden 
Rule of Forecasting—requires that models should be conservative, by staying close to what is 
known about the situation of interest and to what is known about forecasting methods (Armstrong, 
Green, and Graefe 2015). Expressed in the negative, forecasts that the future will be different 
from what is known about the past and forecasts from methods other than those that have been 
extensively tested against evidence-based methods and validated using out-of-sample forecasts 
should be rejected by decision makers. 

There is much uncertainty surrounding the causal relationships behind changes in the Earth’s cli-
mate in general and temperatures in particular. If that were not the case, there would be no need 
for “attribution” studies, no need for debates about data, and unexpectedly large or biased devia-
tions from model predictions would not occur. As discussed below, the IPCC anthropogenic var-
iable is a complex compound of 11 putative human influences on global temperatures. Moreover, 
complex computer climate models have failed to emulate the internal modes of changes and var-
iability of known phenomena such as El-Nino Southern Oscillation (ENSO), Pacific Decadal Os-
cillation (PDO), and Atlantic Multidecadal Oscillation as well as nearly all the physical-chemical-
biological processes on land and in the oceans (see, e.g., Soon et al. 2001; Notz 2015; Eyring et 
al. 2019; Beverley et al. 2024; Wang et al. 2024). 

Particularly with such a complex and uncertain situation, the scientific principle of simplicity—
the application of Occam’s razor—is appropriate. A meta-analysis of comparisons between simple 
and complex forecasting methods found that simple models—often naïvely simple—provided 
forecasts that were as or more accurate than those from the more complex models that researchers 
were proposing (Green and Armstrong 2015). 

In the light of those forecasting and general scientific principles, it is reasonable to ask: is it pos-
sible to forecast climate change better than some historical average or average trend? That ques-
tion was addressed by Green, Armstrong, and Soon (2009). That paper rejected extrapolating a 
trend on the basis that apparent trends in historical temperature readings and in various proxy 
temperature reconstructions reversed directions on all time scales without clear cause.4 In other 

 
4 Over the past two centuries or so, scientists have warned about the future consequences of recent temper-

ature trends. For example, at the first Earth Day in 1970, Professor Kenneth Watt gave a speech declaring, 
“The world has been chilling sharply for about twenty years… If present trends continue, the world will 
be about four degrees colder for the global mean temperature in 1990, but eleven degrees colder in the 
year 2000. This is about twice what it would take to put us into an ice age” (Bailey, 2000). 
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words, an increase was more-or-less as likely to be followed by a decrease as by another increase, 
and vice versa. 

The authors instead hypothesised that a simple, even naïve, model that forecasts that future years’ 
temperatures would be the same as the previous year’s temperature would be hard to beat to any 
policy-relevant extent. Their study found that to be the case with, for example, the cumulative 
absolute error from projecting the IPCC’s then 3 °C-per-century “business as usual” warming rate 
(p. 17, IPCC 1992) out to 2008 from successively updated starting years from 1851 to 1975 to be 
seven times greater than the error from projecting the previous year’s temperature out to 2008 
(Green, Armstrong, and Soon 2009). 

This study used a variation on the Green, Armstrong, and Soon (2009) naïve no-change (no trend) 
model. The benchmark model used here forecasts that temperatures will be equal to the median 
of temperatures in the estimation sample. Medians are a more conservative (see Armstrong, 
Green, and Graefe, 2015) form of averaging than means, which can be greatly affected by outliers, 
as with averaging incomes or real estate prices. 

1.5 Hypotheses tested 

The foregoing discussion suggests the following hypotheses, which are tested in this study. 

H1. Forecasts from causal models will [will not] be usefully more accurate 
than forecasts from a naïve no-change model. 

H2. Models using variable measures developed independently of the IPCC 
dangerous manmade global warming hypothesis will [will not] have 
greater predictive validity. 

H3. The statistical fit of the models (adjusted-R2) will not [will] be substan-
tively positively related to their predictive validity. 

H4. Models using variable measures developed independently of the IPCC 
dangerous manmade global warming hypothesis will [will not] be more 
reliable.5 

 

2. Methods 

2.1 Models and variables 

Ordinary least squares regression models were estimated using data for the eight combinations of 
forecast variable and causal variables listed in Table 1.  

The variables Anthro, Volcanic, and Solar IPCC were nominated in the AR6 report (IPCC, 2021) 
as the primary causes (“drivers”) of changes in the Earth’s surface temperature. The variables are 
measured in terms of “radiative forcings” in Wm-2.  

Anthro is the IPCC AR6’s composite of 11 proposed anthropogenic influences, which is domi-
nated by atmospheric carbon dioxide and somewhat ameliorated by both the direct—through 
modulation of the radiation flows—and indirect—through modulation of cloud variables—effects 
of aerosols. On the other hand, the AR6 report identifies only two “natural forcings”: one estimate 
of the effect of volcanic eruptions (Volcanic), and one estimate of the effect of TSI as described 
in Matthes, et al. (2017) (here “IPCC Solar”).  

 
5 Out-of-sample forecast errors of reliable models will exhibit orderly progressions as additional observa-

tions are added to the estimation sample, suggesting more realistic representations of causal relationships. 
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Table 1: Models and Variables 

Model Name Causal variables (Wm-2) Forecast variable 

AVL Anthro† Volcanic‡ - 
NH All Land Annual Average  

Temperature Anomaly 
AVSL Anthro† Volcanic‡ Solar IPCC§ 

SBVL Solar B2000§§ Volcanic‡ - 

SHVL Solar H1993* Volcanic‡ - 

     
AVR Anthro† Volcanic‡ - 

NH Rural Land Annual Average 
Temperature Anomaly 

AVSR Anthro† Volcanic‡ Solar IPCC§ 

SBVR Solar B2000§§ Volcanic‡ - 

SHVR Solar H1993* Volcanic‡ - 
† Anthro is a composite of 11 proposed anthropogenic influences dominated by atmospheric 

carbon dioxide (IPCC 2021). 
‡ Volcanic is the estimated effect of volcanic eruptions (IPCC 2021). 
§ IPCC Solar is the estimate of TSI preferred in the IPCC (2021) report (Matthes, et al. 2017). 

§§ Solar B2000 is Bard et al. (2000) as updated to 2018 by Connolly et al. (2023). 
* Solar H1993 is Hoyt and Schatten (1993) as updated to 2018 by Connolly et al. (2023). 

 
The two alternative measures of Solar identified by Connolly et al. (2023) used in the models 
tested in this study; namely Solar B2000 and Solar H1993 (Bard, Raisbeck, Yiou, and Jouzel, 
2000; Hoyt and Schatten, 1993) were chosen to contrast with the low-variability IPCC Solar es-
timate of Matthes, et al. (2017) suggested by the CMIP6 historical model runs that were adopted 
in the AR6 Working Group One report (IPCC 2021).  

Finally, the two temperature variables forecast in this study were chosen from the five examined 
by Connolly et al. (2023) as being the most directly relevant to human experience. The series were 
estimates of all Northern Hemisphere land surface temperatures and estimates of rural land 
Northern Hemisphere temperatures. Both series were based on weather station readings. Two of 
the three temperature series from Connolly et al. (2023) not considered in this study were proxy 
measures of temperature based on tree ring data in one case and glacier length in the other. The 
third series not considered in this study was based on ocean surface temperature readings.  

The NH All Land temperature series is representative of the IPCC approach to estimating regional 
and global temperatures, whereas the NH Rural Land series is an independent attempt to estimate 
temperature anomalies that are uncontaminated by urban heat island effects (Connolly et al. 2021, 
2023; Soon et al. 2023). The distinction is important because the IPPC model of climate change 
is based on the hypothesis that emissions of infrared active “greenhouse” gasses—mainly carbon 
dioxide—from human activity causes substantively harmful global warming. Urban heat islands 
are local and are caused by land surface changes and other environmental factors within cities, 
towns, and suburbs—including heat generated by motors and engines of all kinds—and not from 
global changes in the concentration of greenhouse gasses. Consequently, out-of-sample forecasts 
of the NH Rural Land temperature series can be expected to provide more realistic testing of the 
IPCC, and of the independent, hypotheses about causality. Given that none of the models include 
an “urban heat island” causal variable, one would expect the more realistic causal models to pro-
vide smaller errors in forecasting the Rural series than in forecasting the All Land series. 

The data series described above and used in this study are available from Connolly et al. (2023). 
We followed Connolly et al. (2023) in estimating causal models of temperature anomalies in de-
grees Celsius against the putative causal variables in Wm-2 using that data. Appendix A charts the 
relationships between the alternative temperature measures and the alternative causal variables. 
Several things stand out. First, the IPCC’s preferred Solar (TSI) variable does not vary; at least 
not in comparison to the other causal variables considered; in fact, the correlation with 
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temperature is negative from 1970 (Figure A1 charts C and D). Second, the IPCC’s Anthro vari-
able varied little over the 120 years up to 1970, but after that had a strong positive correlation 
with temperature implying a dramatically different effect size (Figure A1 charts A and B). Third, 
the independent Solar variables B2000 and H1993 do vary and do exhibit positive correlations 
with temperature both pre and post 1970 as one would expect of valid causal variables (Figure 
A1 charts E through F). Finally, while the NH Rural Land temperatures (Figure A1 charts B, D, 
F, and H) vary over a greater range than the NH All Land temperatures (Figure A1 charts A, C, E, 
and G), the patterns of the relationships are similar. 

While noting that the time series concept of stationarity is not relevant to the causal model ap-
proach that we take in this paper, in deference to a reviewer we provide tests of stationarity and 
tests of models estimated using stationary data in Appendix B. Although a test of the first 50 years 
of the available data found the causal variables other than Volcanic failed stationarity tests, esti-
mating causal models from data adjusted to achieve stationarity failed to provide the substantial 
reductions in out-of-sample forecast errors that the models estimated using the original data pre-
sented in the body of this paper achieved.  

2.2 Test 1: Predictive validity of causal models and relationship to R2 [H1, H2, H3] 

To obtain out-of-sample forecasts with which to test the predictive validity of the models, the 
models’ parameters were estimated using OLS regression applied to subsamples of the available 
historical data from 1850. Three subsamples of 50, 100, and 150 years of data were used, in ad-
dition to a subsample of 120 observations. The latter subsample, ending in 1969, was used in the 
testing because it includes the data leading up to the current manmade global warming alarm. The 
subsamples can be thought of as representing the data available to forecasters at intervals through 
history assuming the IPCC’s and others’ estimates had been compiled each year since 1850.  

The models were used to forecast the out-of-sample years to 2018, which provided 119, 69, 19, 
and 49 forecasts, respectively, from each model. The out-of-sample causal variables were not 
forecasted, rather known—measured or estimated—values were used to derive the forecasts. 

Accuracy comparisons were made using four measures of out-of-sample forecast errors, the most 
basic being the median absolute error (MdAE) and the interquartile range (IQR) of the signed 
errors, both in °C units. 

The other two error measures used were relative measures: the cumulative relative absolute error 
(CumRAE)—also known as the relative mean absolute error (RelMAE)—and the unscaled mean 
bounded relative absolute error or UMBRAE (Armstrong and Collopy 1992; Chen, Twycross and 
Garibaldi 2017). The CumRAE is easier to understand, but the UMBRAE is preferred as it is based 
on individual forecast comparisons and so better reflects the typical relative error. The formulas 
for both are shown below. 

𝐶𝑢𝑚𝑅𝐴𝐸 𝑜𝑟 𝑅𝑒𝑙𝑀𝐴𝐸 =
∑ |𝑒௜
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Both the CumRAE and the UMBRAE error measures are relative to benchmark errors. The bench-
mark used in this paper is a naïve model that forecasts that out-of-sample temperature anomalies 
will be the same as the median of the estimation sample anomalies, as described above. In both 
cases a figure of 1.0 indicates that the errors are equivalent to the benchmark model’s forecast 
errors. A figure below 1.0 indicates that the errors are smaller, and above that they are higher, such 
that a figure of 0.9 represents an error reduction of 10 percent relative to the benchmark errors 
and a figure of 1.1 represents an error increase of 10 percent relative to the benchmark errors. 

2.3 Test 2: Reliability of alternative causal models [H4] 

To obtain out-of-sample forecasts with which to assess how the predictive validity of the models 
is affected by the successive addition of extra observations to the estimation samples, the models’ 
parameters were estimated using historical data from 1850 to 1899 to forecast temperature data 
for the nineteen years 2000 to 2018. The process was repeated, adding each year’s observation 
from 1900 to 1999 to the estimation sample in turn, replicating the process of updating an estab-
lished model with new observations as they become available. The resulting 101 model estimates 
were each used to forecast the most recent years of available data—from 2000 to 2018. MdAEs 
were calculated for the 19 forecasts from each model (8) estimation period (101) combination.   

3. Findings 

Table 2 provides a summary table of the Test 1 results. Figure 1 provides charts of the forecast 
errors from Test 1 that are summarised in Table 2. The implications of the patterns of forecast 
errors shown in the Figure 1 charts are examined below in the latter half of section 3.4 Reliability 
of independent versus IPCC models [H4]. 6 

3.1 Predictive validity of causal models versus naïve model [H1] 

Forecast errors were larger than the benchmark errors (UMBRAE) for the IPCC Anthro models 
AVL and AVSL estimated with data from 1850 to 1949 and from 1850 to 1969, and for the AVR 
and AVSR models estimated with data from 1850 to 1899, 1850 to 1949, and 1850 to 1969. The 
anthropogenic warming models showed predictive validity relative the naïve model (UMBRAE 
less than 1.0) for only three of the eight combinations of forecast variable and estimation sample 
period. Namely, the AVL and AVSL models estimated with data from 1850 to 1899 and from 1850 
to 1999, and the AVR and AVSR models estimated with data from 1850 to 1999 (see Table 2). 

By contrast, the errors of the forecasts from the independent solar models (SBVL, SHVL, SBVR, 
and SHVR) were smaller than those of the benchmark model in all cases. In all but one of the eight 
cases the solar models provided forecasts that reduced error by at least 10 percent, and typically 
reduced errors by much larger percentages. The one exception was the SBVL model estimated 
using data from 1850 to 1899 produced forecast errors with an UMRAE of 0.964, an error reduc-
tion of 5.6 percent relative to the benchmark errors (see Table 2). 

3.2 Predictive validity of independent versus IPCC models [H2] 

The MdAEs of the forecasts from the models with IPCC’s anthropogenic and volcanic series as 
causal variables (AVL and AVR) and from the models that also included IPCC’s solar series 
(AVSL and AVSR) were greater than 1°C (roughly 2°F) for five of the eight combinations tested  

 
6 Figures in this paper were created in Microsoft Excel®. 
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Table 2: Northern Hemisphere temperature models: Fit, predictive validity, and bias 

Model variables and estimation statistics Forecasts: Number, Bias, Errors Correlations  
Putative causal  

variables† 
1850 - year 

(n) 
𝑹ഥ𝟐 # Bias‡ MdAE§ IQR§§ CumRAE* UMBRAE* Fit vs.  

Accuracy 
** 

|Bias| 
vs.  

Error†† 
A

ll
 L

an
d

 

Anthro - 
1899 

 
(50) 

0.155 

119 

-0.44 0.41 0.37 0.674 0.715 

-0.545 0.970 
Anthro IPCC Solar 0.151 -0.45 0.45 0.34 0.689 0.760 

- B2000 Solar 0.156 -0.68 0.53 0.73 1.032 0.964 
- H1993 Solar 0.155 -0.59 0.53 0.61 0.904 0.832 
            Anthro - 

1949 
 

(100) 

0.508 

69 

1.14 1.01 2.09 1.678 1.160 

-0.605 0.997 
Anthro IPCC Solar 0.503 1.13 1.01 2.08 1.670 1.155 

- B2000 Solar 0.337 -0.40 0.35 0.57 0.572 0.527 
- H1993 Solar 0.535 -0.51 0.43 0.65 0.721 0.679 
            Anthro - 

1969 
 

(120) 

0.477 

49 

1.80 1.76 1.80 2.116 1.809 

-0.850 1.000 
Anthro IPCC Solar 0.477 1.69 1.64 1.68 1.983 1.716 

- B2000 Solar 0.367 -0.44 0.39 0.50 0.528 0.524 
- H1993 Solar 0.443 -0.59 0.52 0.65 0.703 0.669 
            Anthro - 

1999 
 

(150) 

0.601 

19 

0.24 0.22 0.32 0.203 0.193 

0.924 0.995 
Anthro IPCC Solar 0.636 0.11 0.18 0.33 0.154 0.152 

- B2000 Solar 0.587 -0.58 0.52 0.30 0.469 0.444 
- H1993 Solar 0.559 -0.88 0.83 0.45 0.706 0.679 

 
 

R
u

ra
l 

L
a

n
d

 

Anthro - 
1899 

 
(50) 

0.163 

119 

-5.08 1.96 7.68 11.415 4.358 

-0.978 0.999 
Anthro IPCC Solar 0.149 -5.06 1.86 7.70 11.395 4.498 

- B2000 Solar 0.042 -0.26 0.27 0.47 0.719 0.785 
- H1993 Solar 0.064 0.03 0.22 0.42 0.608 0.694 
            Anthro - 

1949 
 

(100) 

0.264 

69 

1.94 1.71 2.99 4.432 3.011 

0.506 1.000 
Anthro IPCC Solar 0.256 1.97 1.73 3.04 4.492 3.003 

- B2000 Solar 0.257 0.17 0.29 0.39 0.672 0.883 
- H1993 Solar 0.286 -0.11 0.24 0.50 0.723 0.840 
            Anthro - 

1969 
 

(120) 

0.243 

49 

2.28 2.20 1.98 4.116 3.932 

0.029 0.999 
Anthro IPCC Solar 0.241 2.49 2.43 2.20 4.499 4.198 

- B2000 Solar 0.226 -0.02 0.22 0.40 0.512 0.647 
- H1993 Solar 0.260 -0.20 0.25 0.57 0.666 0.731 
            Anthro - 

1999 
 

(150) 

0.193 

19 

0.02 0.22 0.47 0.267 0.272 

-0.914 0.927 
Anthro IPCC Solar 0.192 -0.04 0.23 0.53 0.269 0.261 

- B2000 Solar 0.262 -0.39 0.30 0.57 0.449 0.353 
- H1993 Solar 0.293 -0.59 0.54 0.61 0.662 0.576 

      † All models were estimated using ordinary least squares regression in STATA and include the variable "Vol-
canic". 

      ‡ Mean signed error (forecast minus actual, ℃). 
§ §§ ℃. MdAE is median absolute error. IQR is interquartile range calculated from signed errors. 
      * Cumulative Relative Absolute Error (Armstrong & Collopy 1992) and Unscaled Mean Bounded Absolute 

Error (Chen, Twycross, & Garibaldi 2017) figures are both relative to a naïve model forecast equal to the 
median value of the estimation data (a "no-change" forecast). Values of less than 1.0 represent error reduc-
tions relative to the naïve method (e.g., 0.95 represents an error reduction of 5%). Conversely values 
greater than 1.0 represent error increases (e.g., 1.20 represents an error increase of 20%). 

     ** Sign-reversed Pearson correlation between the 𝑅തଶs and the UMBRAEs. 
    †† Pearson correlation between the absolute values of Bias (℃) and the UMBRAEs. 
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Figure 1: Absolute Errors of NH All Land and Rural Land Temperature Forecasts to 2018 (℃) -- Forecasts from 
four alternative models plus naïve estimates over four periods.  
Legend (Causal variables in models):  Anthro, Volcanic;  Anthro, Volcanic, IPCC Solar;  B2000 Solar, Vol-
canic;  H1993 Solar, Volcanic;  Estimation sample median temperature.  
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(see black and red figures in Table 2). The MdAEs of the forecasts from the models with B2000 
solar and the volcanic series as causal variables (SBVL and SBVR) were less than 0.55°C (1°F) 
for all eight of the estimation periods used and temperature series being forecast combinations 
(see green figures in Table 2), and for seven of the eight in the case of the models with H1993 as 
the solar variable (SHVL and SHVR) (see blue figures in Table 2). 

When estimated from observations to 1969 and used to forecast the subsequent years—which are 
identified most strongly with the IPCC’s manmade global warming claim—the independent solar 
models reduced forecast errors (UMBRAEs) relative to the IPCC Solar models (AVSL and AVSR) 
by 69 percent (SBVL), 61 percent (SHVL), 85 percent (SBVR), and 83 percent (SHVR) (from ratios 
of green and blue figures to red figures in Table 2). 

The interquartile ranges (IQRs) of the signed errors for all the anthropogenic models tested (AVL, 
AVSL, AVR, and AVSR) were greater than 1 °C for five of the eight combinations of model and 
estimation period, and greater than 2 °C for four of the eight. In contrast, the maximum IQRs for 
the independent models were all substantially less than 1°C, at 0.73 °C (SBVL), 0.65 °C (SHVL), 
0.57 °C (SBVR), and 0.61 °C (SHVR) (see Table 2). 

While predictive validity is concerned with minimising out-of-sample forecast errors, in cases 
where average absolute forecast errors from alternative models are similar, decision makers might 
prefer the model that provides forecasts that are less biased—i.e., that have a smaller average 
signed error. In this study, however, there is no trade-off between forecast accuracy and bias: 
Absolute forecast errors (UMBRAE) were strongly correlated with forecast bias (absolute value 
of mean signed errors) for all eight combinations of causal model and estimation period: the more 
the bias, the larger the error. Pearson’s r values ranged from 0.93 to 1.00 (see the rightmost column 
of Table 2). 

Average signed errors ranged between -0.9 °C and 1.8 °C for the All Land models, and between 
-5.1 °C and 2.5 °C for the Rural Land models (see the Bias column of Table 2). The errors of 
forecasts from the anthropogenic models for the era of concern over manmade global warming, 
starting in 1970, were 1.8 °C (AVL), 1.7 °C (AVSL), 2.3 °C (AVR), and 2.5 °C (AVSR) warmer 
than the measured temperatures. On the other hand, the errors of forecasts from the independent 
solar models were 0.4 °C (SBVL), 0.6 °C (SHVL), 0.0 °C (SBVR), and 0.2 °C (SHVR) cooler than 
the measured temperatures.    

3.3 Relationship between predictive validity and statistical fit of models [H3] 

The correlations (sign-reversed Pearson’s r) between the accuracy of out-of-sample forecasts, as 
measured by UMBRAE (an error measure, hence the sign reversal), and the statistical fit of the 
models to the estimation data (adjusted-R2) for the causal models tested were large and negative 
for five (5) of the eight (8) combinations of estimation period (1850 to 1899, 1949, 1969, and 
1999) used—and hence maximum forecast horizon of 119, 69, 49, and 19 years, respectively—
and temperature series (NH Land and NH Rural) forecast (see “Fit vs. Accuracy” column of Table 
2). 

The average of the individual correlations was -0.30, indicating that better statistical fit—i.e., 
larger adjusted-R2—was, on average, associated with lesser forecast accuracy (higher UMBRAE). 
Only for forecasts of NH Land from models estimated with data from 1850 to 1999—the largest 
estimation sample size used for this testing—was there a substantial positive correlation between 
statistical fit and forecast accuracy. 

3.4 Reliability of independent versus IPCC models [H4] 

Charts of the results of Test 2 are presented in Figure 2 and are discussed below. 

The independent solar models—SBVL and SHVL, and SBVR and SHVR—perform largely as one 
would expect of causal models when forecasting using known values of the causal variables. 
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Firstly, the MdAEs of the forecasts for the years 2000 to 2018 are less than those of the naïve 
benchmark model for estimation samples of 50 observations (1850 to 1899) and more, with two 
minor exceptions. In particular, the SBVL model when estimated with the 33 samples 1850 to 
1899 through to 1850 to 1932 (observation 83) produced MdAEs greater than the naïve model. At 
worst, the SBVL model produced a MdAE 30 percent greater than the naïve model when it was 
estimated from the first 66 historical observations (1850 to 1915). And the SBVR model produced 
forecasts with an MdAE greater than that of the corresponding naïve model in the case of only 
one of the 101 estimation samples tested. The SHVL and SHVR models—each estimated over 101 
samples—provided forecasts with MdAEs that were smaller than the corresponding Naïve model 
MdAEs for all the estimation samples.  

Secondly, the MdAEs of the independent solar model forecasts trend broadly and moderately 
downwards as additional observations are added to the estimation samples. And, thirdly, the 
MdAEs of the SBVR and SHVR models were 66 percent and 71 percent smaller, respectively, than 
those of the SBVL and SHVL models when the models were estimated using the first 50 observa-
tions and 42 percent and 35 percent smaller when estimated using all 150 observations up to 1999. 
In other words, the independent solar models provided forecasts that were more accurate when 
forecasting temperature anomalies that excluded urban heat island effects. 

The performances of the IPCC inspired models—AVL, AVSL, AVR, and AVSR—especially when 
the models are applied to forecasting rural only temperatures—AVR and AVSR—were markedly 
different. In the latter cases, forecasts for the years 2000 to 2019 from models estimated with 50 
observations of historical data (1850 to 1899) have MdAEs of around 17 °C or 1600 percent 
greater than the 1 °C MdAE of forecasts from the naïve benchmark model. 

As Figure 2 shows, the MdAEs of the IPCC inspired model forecasts are greater, mostly much 
greater, than the those of the naïve model forecasts for most estimation sample sizes. The MdAEs 
of the AVL and AVSL model forecasts were greater than the naïve model forecasts for 64 and 63, 
respectively, of the 101 sample sizes over which the models were estimated. For the AVR and 
AVSR models—estimated to forecast rural only temperatures—the figures were both 79. 

Puzzlingly, the MdAE of the forecasts from the AVSR model, when estimated using all 150 ob-
servations up to 1999, was 29 percent larger than the corresponding MdAE of forecasts from the 
AVSL model. Moreover, the MdAE of the AVSR model forecasts was 5 percent greater than that 
of the AVR’s. In other words, the inclusion of the IPCC Solar variable reduced the model’s pre-
dictive validity for forecasting temperatures unaffected by urban heat islands when it was esti-
mated using the largest sample of data (150 observations) employed in this study. 

The MdAEs of the IPCC affiliated model forecasts varied wildly up and down as more observa-
tions were added to the estimation samples. After oscillating with each additional observation 
added to the estimation sample from 1899 to 1921 (50 to 72 observations) MdAEs of the forecasts 
from the AVL model broadly increased as additional observations were added until the observa-
tions for 1974 were added (125 observations in the sample), at which point the MdAEs began to 
decline with each additional observation. The AVSL model forecast MdAEs followed a closely 
similar pattern. 

In the case of the AVR and AVSR models—forecasting the rural land temperatures, on the right 
of Figure 2—the MdAEs decreased rapidly from roughly 17 times the corresponding naïve fore-
cast errors to beat the naïve MdAE when the 76th observation (1925) was added to the estimation 
samples. After that observation was added, the MdAEs for the AVR and AVSR model forecasts 
increased rapidly with each extra observation then stayed high before rapidly declining again after 
the 116th observation (1965) was added to the estimation samples. 
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Figure 2. Median absolute errors of NH temperature forecasts 2000 to 2018 in ℃. 
Legend (Causal variables in models):  Anthro, Volcanic;  Anthro, Volcanic, IPCC Solar;  B2000 So-
lar, Volcanic;  H1993 Solar, Volcanic;  Estimation sample median temperature. 

 
In the case of the AVR and AVSR models—forecasting the rural land temperatures, on the right 
of Figure 2—the MdAEs decreased rapidly from roughly 17 times the corresponding naïve fore-
cast errors to beat the naïve MdAE when the 76th observation (1925) was added to the estimation 
samples. After that observation was added, the MdAEs for the AVR and AVSR model forecasts 
increased rapidly with each extra observation then stayed high before rapidly declining again after 
the 116th observation (1965) was added to the estimation samples. 

When a model of causal relationships is estimated from empirical data on valid causal variables 
reliably measured, one would expect forecast errors to get smaller as more observations are used 
in the estimation of the model’s parameters. That is what the charts in Figure 2 show in the case 
of the naïve benchmark model forecasts and, broadly, what can be seen in the case of the inde-
pendent models SBVL, SHVL, SBVR, and SHVR, but is not seen in the case of the models using 
the IPCC variables: AVL, AVSL, AVR, and AVSR. 

The median absolute errors of the models’ forecasts in Figure 2 can be modelled as linear func-
tions of the number of observations in the estimation samples. The residuals—within-sample fore-
cast errors—of OLS-estimated MdAE-prediction-models have narrow 5th to 95th inter-percentile 
ranges of -0.015 to 0.017 °C and -0.065 to 0.038 °C for the benchmark models of All Land and 
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of Rural Land temperatures, respectively. In the case of the independent models, the equivalent 
inter-percentile ranges were -0.303 to 0.290 °C (SBVL), -0.069 to 0.075 °C (SHVL), -0.285 to 
0.282 °C (SBVR), and -0.186 to 0.170 °C (SHVR). None were more than 0.6 °C between the 5th 
and 95th percentiles. 

The equivalent inter-percentile ranges for the IPCC Anthro-variable models’ residuals were con-
siderably larger, each covering several whole degrees Celsius, with none smaller than 2.46 °C. 
The ranges were: -1.45 to 1.13 °C (AVL), -1.41 to 1.05 °C (AVSL), -7.02 to 5.60 °C (AVR), and 
-6.96 to 5.70 °C (AVSR). 

The charts in Figure 1, above, give another perspective on the relationships between the number 
of observations in model estimation samples and the errors of the model’s forecasts. From top to 
bottom of Figure 1, the four pairs of charts show the absolute errors of out-of-sample forecasts - 
albeit using known values of causal variables except for the benchmarks - from models estimated 
from four increasingly large samples of data. The forecasts spanned the out-of-sample periods 
from the years 1900, 1950, 1970, and 2000 to 2018. 

What should those forecast error charts look like? First, because the models are causal - without 
time or lagged variables - and “known” values of the causal variables are used for forecasting, 
errors should only increase over longer forecast horizons to the extent that the out-of-sample pe-
riod includes observations that are novel relative to the estimation sample. The likelihood of nov-
elty should decrease with increasing estimation sample size. 

Second, and related to the first point, forecast errors for the same horizon should diminish with 
increasing estimation sample size, to the point that the errors reflect only random variation or the 
effects of missing or mis-specified or mal-estimated variables. One would expect little or no in-
crease in errors for longer horizons when the estimation sample is large and representative, and 
the model and data realistically represent of the situation.  

The absolute forecast errors from the benchmark models and from the independent solar models 
shown in the Figure 1 charts—SBVL, SHVL, SBVR, and SHVR—seldom exceed 1 °C and follow 
the paths expected of well-specified models, albeit to a lesser extent in the case of the models 
forecasting the heat-island-affected All Land temperatures. The IPCC Anthro models—AVL, 
AVSL, AVR, and AVSR—do not. 

The errors of the Anthro models’ forecast errors explode well beyond 1 °C and the benchmark 
model errors for forecast years beyond the mid-1970s, with puzzling exceptions. Namely, fore-
casts from Anthro models estimated from the largest sample size in the chart—1850 to 1999—
and from models estimated from the smallest sample—1850 to 1899—forecasting All Land tem-
peratures. In those cases, involving three of the eight charts, the Anthro model errors are less than 
the median historical temperature benchmark model errors, and mostly less than the errors of the 
independent models in later years. 

The explosion in Anthro model errors from the 1970s is more extreme for models estimated to 
forecast Rural Land temperatures. Moreover, for the models estimated using only 1850 to 1899 
data, errors are larger than those of the benchmark and independent models from 1920 and, prior 
to 1970, without any obvious pattern. 

4. Discussion 

The findings of this study that relate to the forecasting of the independent estimate of Northern 
Hemisphere rural land temperatures are most apposite to answering the IPCC questions para-
phrased here as, “what has caused changes in annual average temperatures on Earth over recent 
decades and what, therefore, can we expect in the way of temperature changes over coming dec-
ades?” The NH Rural Land temperature series was developed in order provide a large area annual 
average estimate of surface temperatures that would reflect changes in the global climate uncon-
taminated by local non-climate influences on measurement, specifically heat island effects. 
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Based on the models estimated to forecast NH Rural Land temperatures, then, the four hypotheses 
tested in this study were largely affirmed in their expected, [rather than alternate], directions when 
known estimates of the causal variable values were used for forecasting the unknown-to-the-
model temperature variable. 

The findings on the predictive validity [H1] of the IPCC Anthro models were the only, and partial, 
exception. The cumulative absolute errors of out-of-sample forecasts from models estimated us-
ing samples from 1850 to 1899, to 1949, and to 1969 were, on average, nearly twelve times greater 
than the benchmark model errors in the first case and more than four times greater in the latter 
two. Only forecast errors from models estimated using data from 1850 to 1999 to forecast tem-
peratures for the years 2000 to 2018 were smaller than the benchmark model errors and, remark-
ably, smaller than those of the independent solar models (see Table 2 and Figure 1). 

The findings of this study beg the question: Why did the IPCC anthropogenic models provide 
forecasts that were so grossly inaccurate in absolute terms, relative to a naïve benchmark model 
based only on historical data on the temperature variable to be forecast, and relative to independ-
ent solar causal models?  

We suggest that the broad answer is that the IPCC was established by government officials with 
the objective of finding substantive human influence on global temperatures7 rather than to dis-
cover useful knowledge on climate change by testing plausible alternative hypotheses developed 
from prior knowledge. Hence this study’s H2 hypothesis. Armstrong and Green (2022) refer to 
the antiscientific practice of undertaking research designed to support a given hypothesis as “ad-
vocacy research,” a practice unlikely to produce useful knowledge and that risks harm through 
unnecessary worry and bad personal and policy decisions. 

The independent solar models were more reliable than the IPCC models [H4] and provided fore-
casts that were more accurate than those from the naïve benchmark and, in most tests, than those 
from the IPCC models [H2]. The independent models performed as expected of models of causal 
relationships that were developed using prior knowledge and established theory and with param-
eters that were estimated using data that represented the causal and forecast variables realistically. 
Out-of-sample forecast errors were consistently smaller than those of a simple benchmark model 
and generally declined with larger estimation samples. The IPCC anthropogenic climate change 
models did not perform as one would expect of valid models estimated using valid and reliable 
data (see Figure 2). 

The great variations, mostly large size, and lack of expected pattern in IPCC model forecast errors 
as additional observations are added to the estimation sample, are puzzling. While the extremes 
are not so pronounced with the forecasts of NH All Land temperatures as they are with the NH 
Rural Land temperatures, the strangeness of forecast errors increasing dramatically when addi-
tional observations are added is common to both. 

While the independent solar models provided valid and reliable forecasts, the model that included 
the IPCC solar variable along with the IPCC’s Anthro and Volcanic variables did not. The model’s 
forecast errors were, for the most part, almost identical to those from the IPCC model that did not 
include the IPCC solar variable. The exceptions are enigmatic. When models were estimated us-
ing data from 1850 to 1969, a gap begins to open between the errors of forecasts from the model 
including the IPCC solar variable and the model that did not for forecasts for the early 1980s and 
beyond (Figure 1.) The gap is more pronounced in the forecasts of the NH Rural Land 

 
7 See for example, UN IPCC’s “About” page (https://www.ipcc.ch/about/) where it is stated that “The 

IPCC provides regular assessments of the scientific basis of climate change, its impacts and future risks, 
and options for adaption and mitigation. … Created in 1988 by the World Meteorological Organization 
(WMO) and the United Nations Environment Programme (UNEP), the objective of the IPCC is to provide 
governments at all levels with scientific information that they use to develop climate policies. The IPCC 
reports are also a key input into international climate change negotiations.” 
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temperatures than it is in the All-Land forecasts. Moreover, the relative sizes of the forecast errors 
are reversed between the Rural and All-Land temperatures. 

4.1 Forecasting test extension 

The tests the present paper describes were all intended to provide realistic representations of the 
forecasting problem in the sense that the models were estimated using observations from earlier 
in time and were then used to forecast temperatures later in time. Because the models are causal 
and do not use time or lagged-dependent variables, however, one would expect to get similar 
results—out-of-sample forecast errors—from models estimated using any representative subsam-
ple of the data. For example, if the estimates of variable values for the 84 years from 1850 to 1933 
include sufficient diversity to allow realistic estimation of the causal relationships, then the fore-
cast errors for the 85 years from 1934 to 2018 should on average be like those for 85 forecasts for 
even-numbered years from models estimated from odd years data. 

Table 3: Forecast errors from models estimated with data from 1850 to 1933  
versus those from models estimated with data from odd-numbered years 

     NH All Land   NH Rural Land 

 Bias† MdAE‡ IQR§ Bias† MdAE‡ IQR§ 

 
Estimation sample: 84 consecutive years  

from 1850 to 1933 
Anthro, Volcanic 0.544 0.34 1.29 0.705 0.56 1.53 
Anthro, Volcanic, IPCC Solar 0.531 0.37 1.31 0.685 0.56 1.57 
B2000 Solar, Volcanic -0.685 0.53 0.68 -0.173 0.23 0.50 
H1993 Solar, Volcanic -0.510 0.36 0.60 -0.247 0.25 0.51 

 
Estimation sample: 84 odd-numbered years  

from 1851 to 2017 
Anthro, Volcanic 0.033 0.15 0.32 0.005 0.20 0.42 
Anthro, Volcanic, IPCC Solar 0.034 0.15 0.30 0.005 0.22 0.43 
B2000 Solar, Volcanic 0.029 0.18 0.34 0.002 0.23 0.42 
H1993 Solar, Volcanic 0.025 0.22 0.40 -0.001 0.22 0.48 

 Ratios of error statistics (even-years' / 1934 to 2018 forecasts) 
Anthro, Volcanic 0.061 0.43 0.25 0.007 0.36 0.28 
Anthro, Volcanic, IPCC Solar 0.064 0.41 0.23 0.007 0.39 0.28 
B2000 Solar, Volcanic 0.042 0.35 0.50 0.009 0.99 0.85 
H1993 Solar, Volcanic 0.050 0.61 0.66 0.005 0.89 0.96 
    † Mean signed error (forecast minus actual, ℃). 
‡ § Both are ℃. MdAE is median absolute error. IQR is interquartile range and is calculated from 

signed errors.  
 

Should the forecast errors from such a comparison be dissimilar, the implications are that the 
earlier data are not adequately representative, or the model is unrealistic, or the estimates of the 
values of the variables are invalid or unreliable, or all or some combination of the foregoing. 
Regarding the first point, given that climate changes unfold slowly on human timescales, one 
would expect that models estimated using every second year’s data would, to some extent, better 
represent the causal relationships than would models estimated from only the earlier half of the 
available 169 years of data.  

Table 3 goes some way to disentangling the effects. The bolded figures for NH Rural Land MdAEs 
and IQRs for the independent models show little or no reduction from estimating models using 
every second year from the full period of the available data. Those figures contrast with the figures 
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for the NH All Land forecast errors from the IPCC-inspired models, which show reductions in 
MdAE of 57 percent and 59 percent and reductions in the IQRs of errors of 75 and 77 percent. 

Those results suggest that the independent models of NH Rural Land temperatures and the esti-
mates of the variable values provide realistic representations of causal relationships, and that the 
observations for the first 84 years of available data are sufficiently representative to provide useful 
estimates of the relationships. The same cannot be said of the IPCC-inspired models. Notably, the 
IPCC solar models have small negative coefficients for the solar variable when estimated with 
1850 to 1933 data, but small positive ones when estimated using data from odd-numbered years. 
And the coefficient for the Anthro variable estimated using data from odd-numbered years is less 
than a half of what it is when estimated with 1850 to 1933 data. The opposite is the case with the 
independent solar models, with the solar coefficients increasing by more than half when estimated 
using the likely more-representative odd-numbered years data (see Table 4).  

 
Table 4: Parameters of models estimated with standardised data from 1850 to 1933 
 versus those from models estimated with standardised data from odd-numbered years 

Model variables Parameters  
(estimation data used & ratio) 

 Forecast  Causal 1850-1933 Odd Years Ratio 
 All Land  
 (IPCC) 
 

Volcanic 0.08 0.03 0.35 
Anthro 1.13 0.45 0.40 
IPCC Solar -0.04 0.07 -1.98 

 Rural Land 
(Independent) 

Volcanic 0.12 0.11 0.95 
H1993 Solar 0.17 0.31 1.88 
Volcanic 0.13 0.15 0.95 
B2000 Solar 0.20 0.33 1.67 

 
None of the above inspires confidence in the IPCC models. If models estimated using the first 
half of the available data perform relatively poorly in forecasting the second half using “known” 
values of the putative causal variables, why should policy makers take account of the models’ 
forecasts for decades to come when alternative independent models without an anthropogenic 
causal variable are shown to be more reliable and to provide forecasts that are on average more 
accurate? 

An important implication of the lack of predictive validity of the IPCC anthropogenic models and 
the validity of the non-anthropogenic models, is that human emissions of carbon dioxide, etc., 
have had little or no influence on NH temperatures and cannot therefore be regarded as a policy 
variable. The independent causal models of NH temperature tested in this study and found to have 
predictive validity did not include an anthropogenic emissions variable. Each included an inde-
pendently developed solar irradiance variable and the IPCC’s Volcanic variable. Neither solar 
irradiance nor volcanic emissions are usefully predictable given the current state of knowledge. 
Nor are they policy variables, given they are not subject to policymaker control on a global scale.  

4.2 Further research 

This study tested causal models that included two of the 27 independent estimates of total solar 
irradiance identified by Connolly et al. (2023). Testing the predictive validity of models incorpo-
rating others of the solar variables that are well supported by theory and evidence may identify 
better estimates of TSI than those used in this study and help researcher to develop still better 
estimates. 
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Neither this study, nor Connolly, et al.’s (2023) study, considered alternatives to the IPCC’s Vol-
canic estimates. Perhaps improvements could be made in estimating the values of that important 
causal variable with the aim of further improving the realism and hence predictive validity of 
independent solar models. 

The non-causal benchmark model used in this study—the median estimation sample temperature 
was extrapolated as the forecast of all future temperatures—provided forecasts that were mostly 
more accurate than those from the IPCC models and that were typically within 1 °C of the esti-
mated NH Rural Land temperature series being forecast. The remarkable success of that simple 
model suggests the possibility that a more sophisticated extrapolation model might be competitive 
with the independent causal models, especially when the difficulty of forecasting the causal vari-
ables is considered. 

One extrapolation method that has been found to reduce forecasts errors in many and diverse 
tests—and could be tested for the temperature forecasting problem—is damped-trend exponential 
smoothing (Gardner 2006). A simple two-observation variation of the damped trend method was 
used to forecast week-ahead doctor visits for influenza. The model’s forecasts reduced errors over 
a 440-week period by 54 percent relative the complex and expensive Google Flu Trends machine 
learning model.8 

A key finding from decades of forecasting research is that combining forecasts from diverse valid 
methods and models reduces forecast errors on average by as much as one-half (Armstrong and 
Green, 2018). To the extent that further research reveals more methods, models, and data that are 
valid for the temperature forecasting problem, incorporating more knowledge in forecasts by 
combing the forecasts is likely to reduce errors. 

Finally, perhaps it will be possible to forecast the solar and volcanic variables to the extent that 
the resulting out-of-sample causal model forecast errors are less than those of the best historical 
temperature extrapolation model.9 From a practical point of view, however, it seems unlikely that 
even large reductions in forecast errors would have policy or planning implications. Research on 
the level of uncertainty—empirical prediction intervals—consistent with using the forecasts for 
policy or planning is needed. 

5. Conclusions 

The IPCC’s models of anthropogenic climate change lack predictive validity. The IPCC models’ 
forecast errors were greater for most estimation samples —often many times greater—than those 
from a benchmark model that simply predicts that future years’ temperatures will be the same as 
the historical median. The size of the forecast errors and unreliability of the models’ forecasts in 
response to additional observations in the estimation sample implies that the anthropogenic mod-
els fail to realistically capture and represent the causes of Earth’s surface temperature changes. In 
practice, the IPCC models’ relative forecast errors would be still greater due to the uncertainty in 
forecasting the models’ causal variables, particularly Volcanic and IPCC Solar.  

The independent solar models of climate change—which did not include a variable representing 
the IPCC postulated anthropogenic influence—do have predictive validity. The models reduced 
errors of forecasts for the years 2000 to 2018 relative to the benchmark errors for all, and all-but-
one, of 101 estimation samples tested for each of the two models. One of the models (B2000 

 
8 A write-up of the study, titled “Forecasts of doctor visits for flu: Simple conservative methods beat 

Google’s big data machine learning model”, is available on ResearchGate at  
http://dx.doi.org/10.13140/RG.2.2.25199.56487/1  

9 For example, see Velasco Herrera, et al.’s (2021) attempts to forecast the so-called sunspot activity var-
iations. Sunspot activity has non-trivial connections to solar irradiance variations, as was described in 
Connolly et al. (2021, 2023). 
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Solar) reduced errors by more than 75 percent for forecasts from models estimated from 35 of the 
samples—a particularly impressive improvement given that the benchmark errors were no greater 
than 1 °C for all but one of the estimation samples.  

The independent solar models provide realistic representations of the causal relationships with 
surface temperatures. The question of whether the independent solar variables can be forecast 
with sufficient accuracy to improve on the benchmark model forecasts in practice, however, re-
mains relevant. All in all, and contra to the IPCC reports, there is insufficient evidential basis for 
the use of carbon dioxide, et cetera, emissions—taken together, the IPCC’s Anthro—as climate 
policy variables. 

Finally, this study provides further evidence that measures of statistical fit provide misinformation 
about predictive validity. Predictive validity can only be properly estimated when the proposed 
model or hypothesis is used for forecasting new-to-the-model data, and the forecasts are then 
compared for accuracy against forecasts from a plausible benchmark model. This important con-
clusion needs bearing-in-mind when evaluating policy models. 
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Appendix A: Relationships between alternative causal variables and temperature 
 

All Land Rural Land 
A B

C D

E F

G H

Figure A1: Relationships between Northern Hemisphere All Land and Rural Land Temperature (℃) 
and alternative causal variables, Legend:  Observations prior to 1970;  Observations 1970 to 2018. 
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Appendix B: Findings on models estimated using stationary causal variables 
 
Causal variables Anthro (CO2 etc.), Solar IPCC, Solar B2000, and Solar H1993 were transformed 
to achieve stationarity10 after conducting augmented Dicky-Fuller unit root tests on all variables 
on the pre-1900 data by taking first differences (second differences in the case of Solar B2000). 
The dependent (temperature) variables were stationary, as was the Volcanic variable (all p = 0.00). 
Table B1 highlights the variables that were transformed to achieve stationarity using white text 
on black.   

Durbin-Watson tests rejected autocorrelation of errors at the 1 percent level for the models esti-
mated using the stationary data from 1851, or 1852, to 1899; the first (shortest) of the estimation 
periods.  

 

Table B1: Models and Variables 

Model 
Name 

Causal variables Forecast  
variable 

AVL Anthro Volcanic - 
NH All Land An-

nual Average 
Temperature 

Anomaly 

AVSL Anthro Volcanic Solar IPCC 

SBVL Solar Volcanic - 

SHVL Solar Volcanic - 

AVR Anthro Volcanic - 
NH Rural Land 

Annual Average 
Temperature 

Anomaly 

AVSR Anthro Volcanic Solar IPCC 

SBVR Solar Volcanic - 

SHVR Solar Volcanic - 

 
The eight models described in Table B1 were estimated using data from 1851 (1852 in the case 
of the SBVL and SBVR models) to 1899, to 1949, to 1969, and to 1999 to provide out-of-sample 
forecast statistics to compare with those for the models estimated using the standardised original 
data as shown in Table 2 in the body of the paper. Tables B2, below, provides the equivalent 
statistics for the models estimated from stationary versions of the causal variables. 

 

B1. All models 

The average error reduction across all models and estimation periods relative to the naïve models’ 
forecasts was 1.5 percent based on UMBRAE (unweighted geometric mean), but an error increase 
relative to the naïve of 0.4 percent based on CumRAE. Those figures represent error increases 
compared to forecasts from models estimated using the original standardised series of 12.1 per-
cent (UMBRAE) and 2.0 percent (CumRAE), or 10.8 percent based on individual model-by-esti-
mation-period comparisons. 

For the 36 model-by-estimation-periods shown in Table B2, average forecast errors were reduced 
relative to those from the models estimated using the original data for 11 models but increased 
for 25. Only one of the 11 error reductions was associated with the independent solar models’ 
estimation period variations. 

 
10 After transformation the three solar variables were random walks with drift, and the anthropogenic (CO2 

etc.) variable was trend stationary (p=0.00). 
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Table B2. NH temperature models estimated using data transformed to achieve stationarity:  
Fit, predictive validity, and bias 

Model variables and estimation statistics Forecasts: Number, Bias, Errors Correlations  
Putative causal  

variables† 
1851/2 -  

(n) 
𝑹ഥ𝟐 # Bias‡ MdAE§ IQR§§ CumRAE* UMBRAE* Fit vs.  

Accuracy 
** 

|Bias| 
vs.  

Error†† 

A
ll

 L
an

d
 

Anthro - 
1899 

 
(49/48) 

0.185 

119 

-0.70 0.51 0.69 1.080 0.983 

-0.111 1.000 
Anthro IPCC Solar 0.167 -0.70 0.52 0.71 1.081 0.985 

- B2000 Solar 0.161 -0.64 0.49 0.62 0.968 0.925 
- H1993 Solar 0.183 -0.63 0.49 0.65 0.962 0.919 
            Anthro - 

1949 
 

(99/98) 

0.165 

69 

-0.69 0.56 0.78 0.941 0.938 

0.146 0.886 
Anthro IPCC Solar 0.168 -0.69 0.53 0.77 0.943 0.958 

- B2000 Solar 0.160 -0.72 0.62 0.87 0.993 0.971 
- H1993 Solar 0.166 -0.73 0.61 0.87 1.005 0.992 
            Anthro - 

1969 
 

(119/118) 

0.084 

49 

-0.81 0.86 0.78 0.949 0.972 

-0.054 0.917 
Anthro IPCC Solar 0.076 -0.81 0.87 0.77 0.950 0.973 

- B2000 Solar 0.082 -0.85 0.93 0.79 0.993 1.016 
- H1993 Solar 0.080 -0.85 0.93 0.79 0.996 1.057 
            Anthro - 

1999 
 

(149/148) 

0.145 

19 

-1.06 1.10 0.33 0.853 0.843 

0.991 1.000 
Anthro IPCC Solar 0.141 -1.06 1.12 0.32 0.857 0.846 

- B2000 Solar -0.006 -1.21 1.16 0.28 0.977 0.976 
- H1993 Solar 0.005 -1.23 1.17 0.27 0.993 0.991  

 
R

u
ra

l 
L

a
n

d
 

Anthro - 
1899 

 
(49/48) 

0.049 

119 

-0.63 0.48 0.98 1.588 1.431 

-0.145 0.913 
Anthro IPCC Solar 0.046 -0.64 0.57 1.10 1.691 1.480 

- B2000 Solar 0.033 -0.44 0.39 0.62 1.106 1.068 
- H1993 Solar 0.080 -0.44 0.42 0.71 1.172 1.250 
            Anthro - 

1949 
 

(99/98) 

0.105 

69 

-0.31 0.28 0.69 0.892 0.857 

0.772 0.972 
Anthro IPCC Solar 0.097 -0.31 0.28 0.70 0.903 0.910 

- B2000 Solar 0.096 -0.39 0.35 0.67 1.075 1.062 
- H1993 Solar 0.095 -0.40 0.34 0.68 1.091 1.154 
            Anthro - 

1969 
 

(119/118) 

0.093 

49 

-0.42 0.37 0.70 0.886 0.838 

0.547 0.980 
Anthro IPCC Solar 0.087 -0.42 0.38 0.69 0.890 0.844 

- B2000 Solar 0.088 -0.50 0.52 0.69 1.044 1.082 
- H1993 Solar 0.084 -0.50 0.51 0.66 1.018 1.030 
            Anthro - 

1999 
 

(149/148) 

0.104 

19 

-0.75 0.80 0.51 0.845 0.786 

0.995 1.000 
Anthro IPCC Solar 0.098 -0.75 0.79 0.51 0.843 0.785 

- B2000 Solar 0.050 -0.87 0.82 0.54 0.973 0.970 
- H1993 Solar 0.049 -0.88 0.78 0.56 0.990 0.986 

      † All models were estimated using ordinary least squares regression in STATA and include the varia-
ble "Volcanic". 

      ‡ Mean signed error (forecast minus actual, ℃). 
§ §§ ℃. MdAE is median absolute error. IQR is interquartile range and is calculated from signed errors. 
      * Cumulative Relative Absolute Error (Armstrong & Collopy 1992) and Unscaled Mean Bounded Ab-

solute Error (Chen, Twycross, & Garibaldi 2017) figures are both relative to a naïve model forecast 
equal to the median value of the estimation data (a "no-change" forecast). Values of less than 1.0 
represent error reductions relative to the naïve method (e.g., 0.95 represents an error reduction of 
5%). Conversely values greater than 1.0 represent error increases (e.g., 1.20 represents an error 
increase of 20%). 

     ** Sign-reversed Pearson correlation between the 𝑅തଶs and the UMBRAEs. 
    †† Pearson correlation between the absolute values of Bias (℃) and the UMBRAEs. 
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B2. All Land models 

The All NH Land temperature anomaly models all increased forecast errors on average compared 
to the errors of the out-of-sample forecasts from the original data estimated models. The error 
increases were 27.1 percent (AVL), 35.7 percent (AVSL), 65.6 percent (SBVL), and 38.9 percent 
(SHVL) based on geometric means of UMBRAEs across the four estimation periods in Table A2.   

 

B3. Rural Land models (temperature data avoids heat islands) 

The anthropogenic models (AVR and AVSR) forecasts from models estimated using stationary 
data were more accurate (MdAE, CumRAE, and UMBRAE) than the forecasts from the same mod-
els estimated using original data for estimation periods other than the longest, 1850 to 1999, pe-
riod. For anthropogenic models estimated from the 1851/52 to 1899 stationary data, the increase 
in accuracy is more properly characterised as “inaccuracy reduction” relative to the naïve method. 

Independent solar model (SBVR and SHVR) forecasts from models estimated using stationary data 
were uniformly less accurate (MdAE, CumRAE, and UMBRAE) than the forecasts from the same 
models estimated using original data and were less accurate than forecasts from the Naïve model 
for all but the models estimated from data to 1999.  

 

B4. Summary and conclusions 

Averaged across all four estimation periods and the two temperature target variables (NH All Land 
and NH Rural Land), the model which provided the most accurate temperature forecasts—i.e., 
reduced errors to the greatest extent relative to the naïve method) was the independent B2000 
solar model (SBVL and SBVR) when estimated from the original standardised data. The error 
reduction (geometric mean of UMBRAEs) was 39.2 percent. The H1993 independent solar model 
(SHVL and SHVR), again when estimated from the original standardised data, was second best 
with an error reduction of 29.2 percent.  

The anthropogenic no-solar model (AVL and AVR) estimated from stationary data come in a 
distant third with 6.0 percent error reduction. The anthropogenic model with the IPCC preferred 
solar variable (AVSL and AVSR) when estimated from stationary data came fourth with 4.5 per-
cent error reduction. 

When estimated from stationary data the B2000 and H1993 solar models provided forecasts that 
increased errors relative to the naïve method by 0.7 percent and 4.3 percent on average respec-
tively. When estimated from the original standardised data the anthropogenic models provided 
forecasts that increased errors by 19.1 percent and by 16.5 percent when the IPCC solar variable 
was included. 

The transformation of causal variables to achieve stationarity increased forecast errors on average 
and reduced the accuracy of forecasts from the best model. The independent solar model that 
included the B2000 solar variable reduced error by 39.2 percent on average when estimated from 
the original data, whereas the model that provided the most accurate forecasts when estimated 
from stationary data—the anthropogenic model without a solar variable—reduced errors by only 
6 percent relative to the naïve model.  
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