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Abstract

The scientific validity of climate modeling is challenged via reference to the concept of
hypothesis testing. The variance of monthly Sea Surface Temperature values hindcast by
the UKMO Hadley Centre’s HadCM3 model are compared with variances computed
from the Centre’s HadSST2 data-set. The comparison indicates that the observed
variability of western boundary currents and the Antarctic Circumpolar Current are not
captured by the model. Other important differences between model and dataset include
regions of high variance near mid-ocean ridges consistent with geothermal forcing of
ocean circulation by intermittent volcanic activity on the ocean floor. Climate models
such as HadCM3 are thus indicated as unlikely to have any predictive power, while still
being useful tools for investigation.
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Introduction

The phrase “The Science of Climate Change” is frequently used in the media and often
by scientists themselves. Is the study of climate as presented in the various publications
of the Intergovernmental Panel on Climate Change (e.g. Meehl et al 2007, Randall et al
2007) truly scientific?

The scientific method was set out by Sir Francis Bacon in the early 17th century and was
further refined by Newton and others culminating in the ideas of Popper. His seven
principles are so relevant here that they are worth restating in full (Popper,1963), viz.:

1. It is easy to obtain confirmations, or verifications, for nearly every theory — if
we look for confirmations.

2. Confirmations should count only if they are the result of risky predictions; that
is to say, if, unenlightened by the theory in question, we should have expected an event
which was incompatible with the theory — an event which would have refuted the theory.

3. Every "good" scientific theory is a prohibition: it forbids certain things to
happen. The more a theory forbids, the better it is.

4. A theory which is not refutable by any conceivable event is non-scientific.
Irrefutability is not a virtue of a theory (as people often think) but a vice.

5. Every genuine test of a theory is an attempt to falsify it, or to refute it.
Testability is falsifiability; but there are degrees of testability: some theories are more
testable, more exposed to refutation, than others; they take, as it were, greater risks.

6. Confirming evidence should not count except when it is the result of a genuine
test of the theory; and this means that it can be presented as a serious but unsuccessful
attempt to falsify the theory.

7. Some genuinely testable theories, when found to be false, are still upheld by
their admirers — for example by introducing ad hoc some auxiliary assumption, or by
reinterpreting the theory ad hoc in such a way that it escapes refutation. Such a
procedure is always possible, but it rescues the theory from refutation only at the price of
destroying, or at least lowering, its scientific status.

The philosophy of science may have moved on since Popper's time. Nevertheless,
whatever Popper's status, most working scientists would recognize these ideas and would
support their application in their own research field.

Popper’s principles are well served by methods of statistical inference developed by
Fisher (1925) and others in the early part of the 20th century. These methods formalize
and quantify the idea of falsifiability by introducing the concept of the “Null
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Hypothesis”, that is, a hypothesis which has been set up to be deliberately falsified using
the methods of mathematical statistics. The Null Hypothesis usually comprises an
assumption that a sample comes from a population with a known distribution or that two
or more samples come from the same population. This technique is known as “hypothesis
testing”.

The remarkable advances in science and technology witnessed in the modern era are
largely the result of the meticulous application of these two complementary approaches.
When a model is hypothesis tested and fails the test, new insights into the underlying
science are frequently gained, whereas clinging tenaciously to “correct” theories leads
only to a sterile absolutism. This is the fundamental difference between science and
superstition.

The IPCC showed its hand in its Third Assessment Report (McAvany et al, 2001) which
states:

We recognize that, unlike the classic concept of Popper … , our evaluation process is not
as clear cut as a simple search for “falsification”. While we do not consider that the
complexity of a climate model makes it impossible to ever prove such a model “false” in
any absolute sense, it makes the task of evaluation extremely difficult and leaves room for
a subjective component in any assessment. The very complexity of climate models means
that there are severe limits placed on our ability to analyze and understand the model
processes, interactions and uncertainties. It is always possible to find errors in
simulations of particular variables or processes in a climate model. What is important is
to establish is whether such errors make a model “unusable” in answering specific
questions.

Clearly it is putting the view that climate modeling is too complex to be amenable to the
conventional rules of scientific inference, hypothesis testing and so on. It is difficult to
comprehend what is meant by “leaves room for a subjective component in any
assessment”. In fact, precisely the reverse is the case; hypothesis testing provides a
method by which models and theories and can be evaluated in an objective manner
however complex.

Certainly the models are “usable”. They are usable precisely because, when errors in
simulations are found, they can provide fresh information about the underlying physical
reality that the models have failed to represent. Whether the models are usable in terms of
making accurate predictions of climate a century or more into the future is an entirely
different matter.

Here we take a single physical variable, sea surface temperature (SST) as predicted for
the late 20th century by a single computer model, and compare these predictions
(technically known as a “hindcast”) with measured values of SST. This comparison is
done in the spirit of scientific enquiry as explained above, that is not to score points or to
discredit the modelers but to gain greater understanding of physical processes and to
assess the predictive value of the model.
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The statistics which are compared are the sample variances for each grid box for the 50
year period of the study, rather than global or zonal means. Comparison of variance is a
technique which is widely used in other fields. Variance has the advantage of being less
dependent on the adjustable parameters of the model and more closely related to the
underlying energetics.

The Data

Monthly model SST data output hindcast for the 20th century were downloaded from the
Hadley Centre, HadCM3 Model Run 1 of variable tos which was available as a NetCDF
file (Gordon, 2000). The monthly SST measurement data set used was the HadSST2 data
set downloaded from the Hadley Centre web site. This data set is described by Rayner et
al (2005).

Subsets of these data sets were chosen for this study, viz.: for the interval January 1950 to
December 1999. SST data coverage prior to 1950 is comparatively sparse. A data length
of 600 samples was judged sufficient to make an adequate comparison. The model data
was provided on a 1° X 1° latitude-longitude grid whereas the spatial resolution of the
observation means was 5° X 5°. The model output was down-sampled by choosing an
arbitrary single 1° X 1° lat-long model box as representative of the remaining 24 for
comparison with the observations. Averaging over the 25 boxes would have affected the
variance calculation and is not required for the type of testing carried out here.

The sample variance of the model output, ijV , for each grid box was found as
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Finding the sample variance, ijS , of the observational data is more complex owing to the

fact that some boxes were only infrequently visited by ships and their coverage was
sparse. A similar definition to (1) could have been used with observed monthly mean
SST, ijx̂ , being used but this would have lead to spuriously high variances in some region

of the globe due to under-sampling.
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Instead the variances of the SST observations were computed for each box from the
standard deviations of “measurement and sampling error” of the sample mean, t ,

provided as part of the HadSST2 data set for each box and at each time step, t. The
corresponding number of observations, tN , was also provided. Thus the sum of squares

for each box for each month could be reconstructed and the sample variance, ijV̂ , was

calculated as
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Strictly, the model and observational variances are not directly comparable since the

former, ijV , is computed from the sum of squares of deviations from the mean of the

whole sample of 600 months whereas the latter, ijV̂ , is computed from the sum of squares

relative to the mean for each month.

ijV was not computed in a corresponding manner to (3) because the relevant data were not

available. As it is, the calculated value of ijV must be inflated, that is, larger than the true

value of ijV because the former includes the extra variance due to variations in the mean

from month to month whereas the latter does not.

Variance Maps

A plot of model variances superposed on a map showing ocean bathymetry is shown in
Figure 1. A similar map showing observational variances is shown in Figure 2. Only
those boxes with more than 100 observations are plotted in Figure 2. In both diagrams the
variance of each box is depicted as a filled circle with area proportional to the calculated
variance.

Comparison of Figures 1 and 2 shows the following characteristics:

1. Observed variances are generally larger than model variances despite inflation of
the latter by variations in the mean.

2. The effect of El Nino is evident in the model variances but not in the
observational variances, due to that same inflation differential, that is, variations
in the mean from month to month in the model data but not in the observational
data.
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3. The effect of variations in western boundary currents to the east of Japan,
Labrador, South Africa, New Zealand and Argentina is discernible in both figures
but is much more widespread in the observations.

4. There are large observational variances in the Southern Ocean south of 40oS in the
region of the Antarctic Circumpolar Current (ACC) not matched by the model
variances which are quite small in this region.

5. There are some large mid-ocean observational variances, well away from western
boundary currents and the ACC, (for example, near 15oW, between15oS and 40oS
along the Mid-Atlantic Ridge).

A zone of high variance to the south of South Africa extends a quarter of the way around
the globe and is one of the dominant features of the observational data. It corresponds to
the northern boundary of the ACC clearly discernible in satellite imagery as a row of cold
and warm anomalies. There are other regions of the ACC to the south and south-east of
New Zealand showing similar behaviour. These phenomena must surely affect global and
zonal temperature variations and yet they are completely absent from the model hindcast.

A Sample Time Series

Figure 3 compares time series from a single latitude-longitude box at 12.5°W, 27.5°S.
The upper panel shows the model output and the lower the monthly mean of SST
observations. The observational time series exhibits considerably more high frequency
fluctuations than does the model time series. This difference is typical of most time series
examined in detail. These high frequency spikes make a large contribution to the
calculated variance of the observational time series and have hitherto been dismissed as
“measurement and sampling errors” (e.g. by Rayner et al, 2006).

The high variances shown in Figure 2 cannot be accounted for as measurement errors
because of the way they are grouped into particular regions and zones consistent with
plausible explanation. If high variances were due solely to measurement and sampling
errors they would be randomly distributed and/or more common in more sparsely
sampled regions.

Of particular interest in Figure 3 is the downward spike in 1972. This is evidence of a
persistent “megaplume” due to hydrothermal activity along the Mid-Atlantic Ridge
discussed further below.

Why the Model Output is Smooth

Even without quantitative testing, a visual comparison of Figures 1 and 2 reveals that the
model output exhibits a degree of variability which is obviously less than natural



7

7

variability over much of the globe; model output is smoother as if filtered with a moving
average filter.

One might reasonably deduce that smoothness is an inherent feature, characteristic of

numerical models.

This is not the case. On the contrary, numerical models of the type discussed here are
forward difference models in which the state vector at each time step, ts , determines the

state vector at the next time step, 1ts , viz.:

tt sAs .1  (4)

where A is a matrix or similar quasi-linear operator which encapsulates the Navier-Stokes
equations, the laws of thermodynamics and ad hoc algorithms needed to represent various
other natural phenomena. The dimensionality of the vectors and matrix of (4) is very
large. In the HadCM3 model, a state vector of the atmosphere part alone has more than
525312 dimensions.

In practice the elements of the state vectors are not known precisely, but only to the
resolution of the number length of the computer being used to run the model. This
introduces a small random element into the process, so that (4) can be written

ttt sAs  .1 (5)

where t is a random vector representing the noise introduced by numerical round-off

error. The form of equation (5) implies that such a model is in reality an autoregressive
(AR) model.

High dimensionality, as in this case, tends to make AR models highly unstable, that is the
opposite of “smooth”. Although they are never calculated, the eigenvalues of A must
always be less than unity in magnitude. In practice, great care must be taken in preparing
boundary conditions and forcings by eliminating any discontinuities which can lead to
fatal local instabilities. Even when this is done fluid dynamical models remain unstable
because molecular-scale frictional terms such as diffusion and viscosity cannot be
realistically represented in the model. The model grid scale is much larger than scales at
which free energy is converted to heat. In practice damping terms such as the eddy
viscosity term are assigned unrealistically high values solely to keep the model stable.
The physics of a large-scale fluid dynamical model can never be truly homologous with
the physics of the real world.

The reason that model SST variances in Figure 1 are generally so much smaller than real
world variances in Figure 2 is simply that, in order to keep the model stable, the frictional
terms have been set too high, i.e. the model is over-damped.
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A Comparison of Global Means

Figure 4 shows a comparison of observational global mean SST compared with model
global mean SST over the period of this study. The resemblance is good implying that,
despite the shortcomings discussed above, the model does in fact represent the real world.
The model appears to be realistic when these global averages are considered. The trend in
the two graphs is remarkably similar, particularly when one considers that each of these 2
graphs are averages of more than 3000 graphs similar in character to those in Figure 3.

The resemblance of the two graphs in Figure 4 should not be taken as evidence of the
veracity of the model however. Not only do models need to be “tuned” to keep them
stable, they also need to be tuned to make them realistic. There are a large number of
parameters which are tuned by the modelers to this effect.

For example: the grid scale of the HadCM3 model is 2.5° by 3.75° in the atmospheric
part of the model, i.e. approximately 250 km by 375 km near the equator. This is much
larger than the size of a cumulus cloud or a tropical storm so that these phenomena
cannot be modeled in detail. Instead various “sub-grid scale” parameterizations are used.
These are practical rules of thumb that allow the effects of tropical storms, say, to be
represented in the model. These parameterizations contain coefficients which are adjusted
to force the model to match desired outcomes.

Contemporary climate models are all structured around the notion that radiative forcing
due to changing concentrations of infrared absorbing gases in the atmosphere is the prime
cause of climate variability. However, owing to the low concentrations of such gases
(other than water vapour), radiative forcing due to this cause is insufficient in itself to
account for recently observed increases in global average temperature. There is a
“forcings deficit”.

In order to account for this deficit, a sub-grid scale parameterization has been postulated
whereby positive feedbacks involving water in its various phases are invoked to account
for the observed temperature increases. The sensitivity of global temperature change to
the choice of feedback parameters is discussed by Cess et al (1990). There is little
experimental evidence that such positive feedbacks are real and it is an area of climate
science which is still hotly debated (Lindzen et al 2001, Spencer and Braswell, 2008).

In summary, the output of the HadCM3 model SST matches the observational SST only
because the model has been tuned to make this happen; the match between the two curves
in Figure 4 is not evidence of the realism of the model at all. Without putative positive
water-vapour feedback, the observed temperature changes cannot be accounted for and
some other climate forcing would have needed to be postulated.

The ad hoc use of positive feedback in this way is an example of Popper’s 7th principle
above.
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A Case for Geothermal Forcing

It has long been known that the ocean floor is heated from below tectonically as seawater
penetrates the crust and comes into contact with hot magma. The gross heat flux at any
one time is estimated to be of the order of 10 TW (10^13 W). This flux has been
considered by oceanographers to be distributed uniformly in both space and time so that
when divided by the total area of the oceans a uniform flux density of about 40 mW m-2

is calculated. This number has long been dismissed as negligibly small. However the
discovery of hydrothermal vents (HTVs) in the 1970s has led to the realization that this
heat flux is not uniformly distributed but concentrated in vent fields distributed along
ribbon-like mid-ocean ridges (MORs) and volcanic arcs (Baker and German, 2004) so
that local heat flux densities can be considerably greater than this.

The global heat flux emitted along the axes of MORs is estimated to be from 2 to 4 TW
(Elderfield and Schultz, 1996) compared with 2.4 TW for ocean dissipation of tidal
friction (Munk, 1997) and 0.88 TW for wind stress power (Wunsch, 1998).

The local effects of HTVs can be observed as the “black smoker” plumes which are
observed to rise only 100m or so above the sea floor, where they dissipate by entrainment
of cold water and are advected horizontally by currents. Their apparent confinement to
the bottom 100m meant that they continued to be ignored as a major factor in ocean
energetics.

However there are two matters which have yet to be taken into account, viz.:

1. HTVs are not uniformly distributed along the MORs and occur in much greater
densities in places where the ridges are spreading more rapidly and

2. tectonic activity under the ocean is likely to be as highly intermittent and sporadic
as it is on land.

Volcanic eruptions on land occur randomly and are described by a Poisson distribution.

The parameter of the distribution, p , takes a different value according to the “strength”

of the volcano; larger events being less common. The dependence of p on VEIk , the

volcanic explosivity index, has been estimated by Pyle (1995) for terrestrial volcanoes as:

VEIp kLog 86.005.3  (6)

It is reasonable to assume that the incidence of submarine volcanoes is similarly
distributed and is perhaps 4 times that of volcanoes on land because of the greater area of
the ocean and thinner crust.

Plumes from larger sub-sea volcanic events will rise higher above the sea-floor than those
emitted by the more common and relatively steady HTVs. Such plumes are called
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“megaplumes”. Two such megaplumes were observed by Baker et al (1989) to reach a
height of 1000m above the ocean floor. They calculated that the height to which a plume
ascends above the ocean floor is approximately proportional to the logarithm of the flux
density at the ocean floor, each tenfold increase in flux density leading to a further rise of
550m. Unfortunately they give no estimate of the Volcanic Explosivity Index of the
volcanic events which gave rise to the megaplumes which they observed.

Although the megaplumes observed by Baker et al (1989) were observed well below the
thermocline, it is not difficult to conceive that, for a sufficiently large eruption a
megaplume generated by a submarine volcano could penetrate the mixed layer and affect
the SST on scales of tens to hundreds of km.

The canonical description of plumes in stratified medium is due to Morton et al (1956)
based on equations for the conservation of mass, momentum and buoyancy. As a hot
water plume rises it entrains cold water and its buoyancy decreases until it is equal to the
surrounding fluid at which height the plume spreads horizontally. Bubble plumes
(McDougall, 1978) differ in that more buoyancy is retained so that further, higher plumes
can form above the layer of horizontal dispersal of the entrained liquid. Conservation of
momentum also implies that a plume can overshoot its terminal height. Thus a volcanic
plume could overshoot the thermocline.

These complexities of plume behaviour imply that a volcanically generated plume need
not necessarily lead only to increases in temperature at the surface. Entrained cold water
from below the thermocline would have a cooling effect on SST. This would be
particularly true of bubble plumes.

A further consideration is that, for sufficiently thick plumes from very large eruptions, the
temperature near the centre of the plume may remain high enough to exceed the local
boiling point as the plume rises and pressure decreases with decreasing depth. Steam
bubbles would form, greatly enhancing plume buoyancy and massively increasing the
amount of kinetic energy and upward momentum being communicated to the surrounding
water mass.

A large enough major eruption could thus lead to the overturning of an entire ocean basin
which would continue until the extra kinetic energy is finally dissipated by bottom
friction. Such basin overturning would lead to a significant drop in global atmospheric
temperature like that recorded during the Lesser Dryas for example.

One might ask: “Why are surface outcropping megaplumes not observed?”. There are a
number of reasons, the chief one being that no-one has bothered to look. MORs are, by
and large, remote from land where downlinks from satellites reporting SST are located.
Hence many MORs were not accessible by a previous generation of satellites such as the
NOAA satellites. Global coverage of SST by modern satellites such as those in the
OSTIA program is too recent to have had much chance of detecting anything yet because
such events are likely to be rare at any one point on the globe.
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Long term datasets from ships and buoys such as the HadSST2 dataset used here are
deliberately filtered to exclude local anomalies. Each observation must lie within ±8o of
the background climatology. Each observation must also pass a “buddy check” whereby
it must be close to the average of all of its close neighbours in space and time (within 110
km radius and ±5 days). Winsorised means are used to calculate the mean of each grid
box (Rayner et al, 2006). All of these processes exclude sudden local events such as a
megaplume outcropping. The data set has been processed under the assumption that SST
can only vary smoothly in time and space and that all exceptions must be due to
measurement and sampling errors.

Despite such exclusion, sudden local variations in SST can still be observed in the data.
No doubt some of these are due to errors and under-sampling, but they are too numerous
and too localized near MORs to be so dismissed. One example is shown in Figure 3. Note
that the negative excursion lasts for only a few months (some last only a month) within
an interval of 50 years.

Conclusions

Numerical models are used in two modes, heuristic and predictive. The HadCM3 model
satisfies all of Popper’s criteria when it is used heuristically, that is, as a tool with which
to test hypotheses according to the scientific method. This has led to the concept of
geothermal forcing as a possible solution to the forcing deficit problem endemic in
radiatively forced models. HadCM3 is certainly a useful heuristic model.

However HadCM3 is unlikely to be of much use as a predictive model even if geothermal
forcing were to be included. Western boundary currents are poorly represented and the
complexities of the Antarctic Circumpolar Current are not represented at all. The only
reason the model shows some realism in modeling zonal and global averages is that it has
been tuned to do so. In effect the model is the outcome of an elaborate curve-fitting
process. Necessary conditions for a model to have predictive power are that it must
satisfy the laws of physics and be able to hindcast known data precisely. Many climate
models use “flux corrections” which break the physical laws of conservation of mass and
energy. At least HadCM3 does not do this. But comparison of the variance maps of
Figures 1 and 2 indicate that it certainly does not hindcast well. Consequently it is
unlikely to have any predictive power.

When used as a predictive model, HadCM3 does not fare well according to Popper’s
criteria. Confirmations are easily obtained by adjusting model parameters as Figure 4
illustrates. Predictions of future climate present little “risk” to the modelers who may not
be alive when their predictions are tested. Neither is the model risky in the sense of
predicting the unexpected. The idea of radiative forcing of climate has been current since
it was first proposed by the Swedish chemist Arrhenius in the nineteenth century
(Arrhenius, 1896) since when it has remained part of scientific “folklore”.
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The model is certainly falsifiable as has been shown here, but there have been few
attempts to falsify it. On the contrary, the HadSST2 data set has been edited to eliminate
sudden isolated anomalies in reported SST values. This was done under the assumption
of a radiatively forced climate, in which SST can only vary smoothly in time and space.
Global temperature values processed in this way cannot be considered a “genuine test of
the theory”.

Finally, ad hoc auxiliary assumptions abound in the literature of climate change. Water
vapour positive feedback as discussed above is one such assumption. Another is the
Pacific Decadal Oscillation (e.g. Smith et al 2007) which is commonly invoked to explain
the recent cooling trend observed in global temperatures.

The HadCM3 model fails to satisfy 5 out of 7 of Popper’s criteria when used as a
predictive model. If one accepts Popper's views, using the model as a predictor of future
climate cannot be considered science. Furthermore, predictive use of all Climate Change
models is called into question, given their many shared methods and assumptions.
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Figure Captions

Figure 1. Sea Surface Temperature variances from the HadCM3 Climate Model

Figure 2. Sea Surface Temperature variances from the HadSST2 data set.

Figure 3. Time series of Sea Surface Temperature Anomaly for the Lat-Long box
bounded by 15°W and 10°W and 25°S and 30°S.

Figure 4. Global averages of the Sea Surface Temperature Anomaly.
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Diagrams

Figure 1. Sea Surface Temperature variances from the HadCM3 Climate Model
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Figure 2. Sea Surface Temperature variances from the HadSST2 data set.
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Figure 3. Time series of Sea Surface Temperature Anomaly for the Lat-Long box
bounded by 15oW and 10oW and 25oS and 30oS
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Figure 4. Global averages of the Sea Surface Temperature Anomaly


