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Abstract
We identify anthropogenic contributions to atmospheric,@@asured at Mauna Loa us-
ing a statistical automatic model selection algorithkutbmetricy. We find that vegetation,
temperature and other natural factors alone cannot exgaitrend or the variation in CO
growth. Industrial production components, driven by basicycles and economic shocks,
are highly significant contributors.

JEL classificationsQ5, C5.
KEYWORDS: Climate change, Cemissions, impulse-indicator saturatidttometrics

1 Introduction

We identify anthropogenic contributions to atmospheric,@®asured at Mauna Loa using the
statistical automatic model selection algorit@matometrics Estimating the determinants of at-
mospheric CQ is traditionally a challenge due to the complex systems ¢& da/olved. CQ

is a highly autocorrelated, non-stationary time seried, glnbally there exist a large number of
potential carbon sources and sinks. There is mixed evidentee literature on anthropogenic
contributions to atmospheric GOthe long-term trend is widely attributed to human factarisile
the main seasonal fluctuations are thought to be driven biitsphere. However, the statistical
measures applied are often somewhat unsatisfactory dhe tmtnplexities of dealing with large
numbers of variables.

Over the long run of geological time, evidence of repeatedigtions, and of coal and oil de-
posits from extinct tropical forests reveal that atmosgh€0, has varied greatly, and manifestly
without any anthropogenic influence, including very lowdksvand levels as high as 1000 parts per
million (ppm): see e.g., Hoffman and Schrag (2000) (Hen@B4 1, provides a summary). In the
more recent half million years of ‘ice ages’, natural flu¢iomas include highs and lows of 300 and
180 ppm from Antarctic ice sheet drilling (see Juselius aadfihann, 2009). Finally, in the last
10,000-12,000 years, humanity has transformed planeht Heglacing forests by agriculture and
creating an industrial world (see e.g., Ruddiman, 2005)aiAg} the background of such move-
ments, it is important to establish that recent levels ofcsjpmeric CQ are not merely a natural
event, but have an anthropogenic signature.

*This research was supported in part by grants from the Opeietgdnstitute and the Oxford Martin School.
We thank Roger Fouquet for useful comments and Qin Duo f@fakehotes on Chinese production. Forthcoming in
Fouquet, R. (ed.Handbook on Energy and Climate Changelward Elgar.

11 ppm by volume of C@in the atmosphere is approximately equal to 2.13 giga towaxdfon: see Clark (1982)

and http://cdiac.ornl.gov/pns/convert.html




We introduce a new approach to modeling changes in atmas®s using a model selection
algorithm which allows for a larger number of potential @dles than observations withaupriori
forcing any to be significant or to be excluded. Using thishodt the main relevant explanatory
variables are determined and their magnitudes estimatéd inelevant factors are dropped from
the model.

The model controls for a number of natural carbon sourcesankd: vegetation measured by
the Normalized Difference Vegetation Index (NDVI); temgieire (measured as anomalies in the
Northern hemisphere); weather phenomena (measured thtbegSouthern Oscillation Index);
as well as accounting for dynamic transport by includingseeal interaction terms. This allows
an estimate of the anthropogenic contribution to,G8 measured by industrial output indices
and fossil fuel use for different geographical areas. Tisellteng estimates describe the direct
effects on CQ growth and the proportional contribution of each factor. filde that vegetation,
temperature and other natural factors alone cannot expitiiar the trend or all the variation in
CO, growth. Industrial production components, driven by bassicycles and shocks, are highly
significant contributors.

Section 2 provides an overview of related literature, 3uses model selection, impulse indi-
cator saturation (I11S)—which we use to detect multiple ksga the models—and th&utometrics
algorithm. Section 4 describes the data used, section festthe estimation procedures and
section 6 reports the main results. Section 7 concludes.

2 Literature review

There is a plethora of literature on atmospheric,&@d its link to anthropogenic factors. Key
aspectsin the literature are finding an appropriate medsuaathropogenic activity and sufficient
controls for natural effects such as vegetation and ocedosorption. Atmospheric Chas been
measured consistently and regularly since 1958, mostlytatige effort of Charles Keeling who
initiated and supported the measurement at Mauna Loa, Héal later other measurement
stations: see (Sundquist and Keeling, 2009). This led tontive well established and often cited
“Keeling Curve”, showing the increasing trend and highlpsanal pattern in atmospheric €O
(figure 1). We are primarily interested in identifying thel@mopogenic contribution to atmospheric
CO,, so the following section reviews existing evidence anddiacthat need to be included in
models.

Sources and sinks

Anthropogenic sources

While atmospheric C®has been consistently measured at multiple sites for a loregy(see Keel-
ing, Bacastow, Brainbridge, Ekdahl, Guenther and Waterrh@n6, and Sundquist and Keeling,
2009), the choice of anthropogenic variables is less s$ttdagyward. Three variables are regu-
larly used: estimates of fossil fuel emissions, populateord cement production. In most cases,
variables are measured on an annual basis and interpataeteakithly frequencies.

A standard measure for estimating fossil fuel emissionkesproduct of the amount of fuel
produced, the proportion of the fuel that is oxidized, anel filnel carbon content (Marland and
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Figure 1: Atmospheric COmeasured at Mauna Loa—the “Keeling Curve”

Mauna Loa CQ data with smoothed trend
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Rotty, 1984). Variations of this data are used in Ericksom|s\ViGregg, J. Blasing, Hoffmann,
Andres, Devries, Zhu and Kawa (2008), Jones and Cox (20GB)d&son, Thompson, Conway,
Fung and Field (1997), and Nevison, Mahowald, Doney, Linzen @er Werf, Randerson, Baker,
Kasibhatla and McKinley (2008). Recent data using this w@blogy are available at an annual
frequency by Marland, Boden and Andres (2011). In conttdstiman, Butler and Tans (2009) as
well as Newell and Marcus (1987) focus on population as a oreasf human industrial output.
Granados, lonides and Carpintero (2011) extend the modemilation by including a measure
of global GDP. Cement production is a further major compooéanthropogenic emissions. GO
emissions in production through limestone calcinatiolm &peration and power generation are es-
timated to make up approximately five percent of anthropmgemissions (Worrell, Price, Martin,
Hendriks and Meida, 2001).

These measures provide a good starting point to captureaguaitpenic emissions in the long
run, but due to the annual measurement frequency do notreagort-run fluctuations and sea-
sonality. Population and GDP are too broad as measures toreagriability other than a trend.
Measurement could be improved through supplementing e emissions by disaggregate
individual fuel consumption. However, most importantlyhigher-frequency (monthly) anthro-
pogenic measure is required to capture seasonal and shoreffects.

Terrestrial biosphere and transport

Aside from anthropogenic emissions, the terrestrial biesp (vegetation) is a major factor in the
carbon cycle’s sources and sinks. When trying to model aptigenic contributions to CQOt is
therefore important to account for the most important fecio the natural world.

Atmospheric carbon dioxide falls and rises seasonally gaen due to photosynthetic activ-
ity (during Summer) and respiratory release (during Wint#rCO, in the terrestrial biosphere



(Keeling, Chin and Whorf, 1996, Buermann, Lintner, Kovemgart, Pinzon, Tucker and Fung,
2007). The intensity of these effects depends on the lerfgtieogrowing season, a fertilization
effect (feedback to plant growth from increaseds,@nd shifts in seasonal patterns ( Kaufmann,
Paletta, Tian, Myeni and D’Arrigo, 2008). The literature amospheric C@suggests a strong
link between the Earth’s biosphere and the level 0,CO

The Normalized Difference Vegetation Index (NDVI) provsde direct measure of photosyn-
thetic activity. As Myeni, Hall, Sellers and Marshak (19@scribe, chlorophyll found in plants
absorbs visible light for photosynthesis and reflects ndaa4red light. The more active a plant is
(indicated by higher density of green leaves), the mordlagiadiation is absorbed and the more
near infra-red is reflected. Thus, the difference betweerwo measures increases with higher
leaf density. Using satellite-based remote sensing tlengity of reflected visible and infra-red
light can be measured. Using the ratio of the difference betwthe two measures, the NDVI is
defined by:

NDVI = Pvisible — PNearIR (1)
Pvisible + PNearIR

wherepy ;. ive, aNdpy..,rp are measures for visible and near infra-red light respeigtiiNDVI

is therefore an index ranging froml to +1, with values around denoting non-vegetation objects,
and values around 0.7 indicating dense vegetation (Tucker, Pinzon, Brown and BB/GSFC/NASA,
2010). The NDVI provides a direct measure for vegetatioiviagwith high values close ta dur-

ing the growing season (Summer in the Northern Hemisphanel)|lower values closer tbduring

the less active season (Winter in the Northern HemisphKa)fmannet al. (2008) investigate the

link between NDVI and atmospheric carbon dioxide using ecoetric methods and find evidence
NDVI values “Granger cause” COThere is also evidence of a feedback effect of increased CO
leading to enhanced vegetation activity.

Due to transport airflows, the primary influence of vegetattdo measured atmospheric €O
depends on the location of the measurement station. In feeafdauna Loa, Hawaii, the seasonal
variation due to the biosphere is driven by long-range partsSfrom Eurasia during Winter and
short-range transport from North America during Summee Beermanret al., 2007, Taguchi,
Murayama and Higuchi, 2003). Narrowing down the time frabrejin, Graul and Trivett (1995)
suggests that Eurasian airflows dominate from October te Winie North American airflows are
dominant from July to September.

In terms of long-term development of terrestrial vegetatibere has been a greening trend—
an increase of the growing season in the Northern Hemispheht, Prentice, Myeni, Sitch,
Friedlingstein, Cramer, Bousquet, Buermann and Smith2R00his trend, however, was inter-
rupted by the eruption of Mount Pinatubo in June 1991 whidhdea decline in vegetation during
1992-1993. This poses the question whether volcanic infei@m atmospheric COneeds to
be controlled for separately from the biosphere. Lushal. (2002) state that the main channel
through which volcanoes affect atmospheric ad®indirect through temperature while Hofman
et al. (2009) propose that the Pinatubo eruption enhanced phateesis through scattered sun-
light. Overall, Gerlach (2011) finds the direct effect of sanhic activity on measured atmospheric
carbon dioxide to be small, thus accounting for vegetatimhtemperature is expected to be suf-
ficient without considering volcanoes separately. Howesadden breaks due to large eruptions
will be detected through our IS procedure.



Oceanic absorption and EI Niio

A large amount of carbon dioxide is transferred between teao and the atmosphere, where the
ocean acts as both a source and a sink of atmosphiéric There are two main factors determining
oceanic carbon absorption and release (Bacastow (19160, generally ocean absorption of O
is governed by the difference in partial pressure betweemtimospheric and oceanic €O

dp _

=k =P @

wherep is the partial pressure of atmospheric £@ is the partial pressure of oceanic €O
beneath a surface layer akda variable capturing layer thickness and wind. These gatue
affected primarily by temperature and wind speed. Tempegats a key factor in oceanic GO
partial pressure (Copin-Montigut, 1988), as higher terapee increases the partial pressure and
thus reduces absorption. Increased wind speed incréasedeads to higher oceanic GOptake.
The second effect is upwelling—dense cold water driven éosinface releases carbon dioxide
stored in the ocean. Absorption and upwelling play oppasites; which dominates is debated
and depends on the geographical region.

The atmospheric fluctuations of air pressure differencesvkinas Southern Oscillation affect
oceanic absorption through the two channels describedeab®outhern Oscillation describes
the change of air pressure differences between Tahiti amd/iDaAustralia (see Troup, 1965,
Bacastow, 1976, Keeling and Revelle, 1985). It is measusethandex (SOI) from the Australian
Bureau of Meteorology (2011), and defined as:

SOI = 10 - M (3)
OAP,

whereAP, is the difference in the average of mean sea level presstneée Tahiti and Darwin
for montht. AP, is the long-run average @ P, ando A p, is the long-run standard deviation AP,
for the given month respectively. Negative values of the &@lgenerally referred to as El Nifio
years, while positive values correspond to episodes of l[ftmNHowever, the effect on oceanic
absorption is not so clear cut. Episodes of La Nifi@{ > 0) are associated with increased wind
speeds (increase inin equation (3)) thus making uptake easier. Neverthelesseased wind
also increases upwelling which leads to a release of oc€x@ic Bacastow, Keeling and Whorf
(1985) suggests that easier absorption outweighs upwellining episodes of La Nin& (1 > 0)
resulting in higher absorption of carbon dioxide by the oce&en the SOI is positive. In turn,
this implies less absorption during EI Nin6@1 < 0) years.

On the contrary, Francey, Tanis, Allison, Enting, White dndlier (1995) find the opposite—
during La Nifia years{OI > 0) oceanic absorption is relatively lower because of theclangy-
welling effect. Keeling and Revelle (1985) side with Franom the theoretical model that up-
welling should outweigh increased absorption, but emaliycfind that less atmospheric G@s
absorbed during El Nifio episodes®@/ < 0) which agrees with Bacastow’s (1976) findings.

Another factor that is not often considered in the literatisr carbon dioxide use by oceanic
algae, as Ritschard (1992) mentions. Nevertheless, daikgaa is limited as they are not covered
by the NDVI satellite measures, and consequently are natidered in our study.

Looking at the bigger picture, most evidence suggests tigadtean has become a carbon sink
for anthropogenic emissions (Christopher, Feely, Grukey, Lee, Bullister, Wanninkhof, Wong,
Wallace, Tilbrook, Millero, Peng, Kozyr, Ono and Rios, 2D0As increased COemissions into

5



the atmosphere increased atmospheric partial pressur®gnfabsorption by the ocean increased
due to the pressure difference. However, the absolute mamof this effect is not known, and
they estimate approximately 48 percent of fossil fuel efarssare absorbed in the ocean; and at-
mospheric CQwould be approximately 55 ppm (parts per million) highehiéte were no oceanic
uptake. Orr, Maier-Reimer, Mikolajewicz, Monfray, Sarmie, Toggweiler, Taylor, Palmer, Gru-
ber, Sabine, Le Quere, Key and Boutin (2001) similarly finel dlcean to be a net carbon sink but,
as well as Nevisoet al. (2008), suggest that most models over-estimate the piopart carbon
dioxide emissions absorbed by the ocean.

In order to capture the key factors determining oceanickgt@hen modeling atmospheric
CQO,, itisimportant to account for temperature (which crugialifects partial pressure) and control
for Southern Oscillation, even though the effects of EIcN&nd La Nifia are not fully understood.

Modeling methodology

The models for atmospheric G@an broadly be classed into two categories: atmosphensyiat
and statistical models. Data for both is often decompostdarnong-run trend, cycle, and noise
using Fourier decompositions or the Hodrick—Prescott (fife).

Atmospheric transport describes spatial three dimenkimoaels with vertical levels based
on solving the fundamental equations for conservation ggsnmomentum, and energy. For dif-
ferent latitude and longitude grid resolutions, these nssgienulate carbon emissions and global
transport (for the set-up and methodology of these modelsis@sen, Russel, Rind, Stone, Lacis,
Lebedeff, Ruedy and Travis (1983), and Kawa, Erickson, Bavesid Zhu (2004). Within this
group of models, Ericksoat al. (2008), Nevisoret al. (2008), Randersoet al. (1997) and Keel-
ing, Whorf, Whalen and van der Plicht (1995) use annual @éonsdata to analyse anthropogenic
effects.

Statistical approaches also vary in methodology. Thonimdj Bans (1989), Keelingt al.
(1976) and Enting (1987) use Fourier decompositions toystteshd and seasonal cycle. Grana-
doset al. (2011) and Granados, lonides and Carpintero (2009) us¢egpation and time-series
regression to study links between population, GDP and Hérditl CQ growth. However, there is
no actual measure of anthropogenic emissions used in theties Hofmaret al. (2009) use re-
gression and graphical comparisons of carbon and popnJatioile Jones and Cox (2005) regress
growth rates of CQon global emissions and cement production. Newell and Maft887) look
at the simple correlation between levels of carbon dioxitegobal population.

Concerning modeling methods, atmospheric transport isatel many statistical techniques
are widely applied and well documented. However, they suffem similar problems. Often
inappropriate statistical techniques are applied witlsoasidering the time-series properties of the
data. Correlation of time series alone is not an appropnegasure of dependence between them.
The low frequency of measurement of emissions data is prwddie and models are restricted by
an initial choice of a small number of independent variabl@sginal data are rarely used: instead
series are decomposed. This step is not necessanpri, especially when explanatory variables
that are seasonal themselves are available. Additiorih#yregression analyses applied in many
papers are not robust to outliers or structural breaks, d@lmays handle non-stationarity, and
present few tests for mis-specification.



Summary of the main findings

The long-run trend in increasing carbon dioxide is cleariyeh by anthropogenic factors, whereas
the short-run seasonal fluctuations and changes in amgldate mostly attributed to changes in
the biosphere.

Long-term trend

The long-term trend in atmospheric €@ fossil fuel induced. Pre-industrial levels of €@re
estimated to be around 260-280 ppm (see Wigley, 1983, anth&toét al., 2009) based on ice
core, tree ring, and oceanic data. Consistent and repeaadurement, starting with Keeling’s
work in 1958, have documented the rise in £10 a current level of approximately 390 ppm
measured at Mauna Loa. The rate of increase of S@roportional to combustion of fossil fuels
(see Keeling, 1973, Keelingt al,, 1976, Keelinget al., 1995, Thoning and Tans, 1989). Using
population as a proxy measure for emissions yields simdaults (Hofmaret al,, 2009, Newell
and Marcus, 1987, Granadesal,, 2009, and Granadet al,, 2011).

Given the large departure from pre-industrial levels, Hansato, Kharecha, Beerling, Berner,
Masson-Delmotte, Pagani, Raymo, Royer and Zachos (20083tigate the question of a target
level CO,. They suggest that (at the time of their writing) the levelB86 ppm is too high to
maintain climate conditions that current life has adapted_evels of 450 ppm in the Caenozoic
era were associated with near ice-free conditions. Comselyuthey propose a target level of at
most 350 ppm.

Seasonal variation and amplitude

Seasonal fluctuations and changes in amplitude are maimilguaed to factors in the biosphere
rather than industrial emissions. There are two effectsrde=d in the literature, one is the general
pattern of seasonality, the second is an increase in thetaohplbf this seasonality. In particular
a perceived increase in the growing season is alleged toebdriving force behind increases in
amplitude.

Many studies propose that the seasonal component of atmos@O, reflects the inter-annual
uptake by plants. This is supported by the fact that the daogsiof this seasonality for a given
season decreases towards the equator (Keelirad, 1976). In particular, Enting (1987) argues
that vegetation is sufficient to account for most of the vaienual variation and that economic data
does not show the required seasonality. While the peaktigkroatio measured at Mauna Loa was
approximately 0.8 for the time period Enting investigatessuggests that industrial emissions are
not sufficient to cause this seasonal change. However, dsvisus from many economic time
series, there is high seasonality in production and thezefoemissions.

The amplitude of the seasonal effect has been increasindime Keelinget al.(1996), Ran-
dersonet al. (1997), Kohlmaier, Sire, Janecek, Keeling, Piper and Re\&P89), and Bacastow
et al. (1985) characterise the increase as a result of a lengtpgninving season with only a very
small effect directly from fossil fuel emissions. The efféfom anthropogenic emissions in these
studies ranges from 0.01 to 0.2 percent on the change of tuaeli Additionally, Keelinget al.
(1995) find that changes in the overall growth rate of,@@e driven by changes in vegetation and
temperature rather than changes in industrial emissions.



A major issue with many of the above mentioned studies isah#tropogenic emissions and
production data are measured annually and therefore daametthe required frequency to be able
to account for seasonal fluctuations. In a recent paperk&onet al. (2008) investigate this issue
and find that economic data would suggest the highest ardgeoypc fluxes occur at the same time
as the respiration phase of plants (Winter in the Northemrmidphere). Once models account for
seasonality in fuel consumption this will then lead to a diished effect of seasonality from the
biosphere.

Contribution of this chapter

There are recurring problems with existing models of amgbgenic contributions to CO Cli-
mate and atmospheric carbon fluxes are complex systemgtmeless, many of the models are
restricted bya priori selections of explanatory variables. The data used to atdou anthro-
pogenic emissions are often measured at too low a frequerggpture any seasonality. The main
series of carbon dioxide is often decomposed into cycledramdls, something that is not neces-
sary if the explanatory data is measured at a reasonablaeineg. On the one hand, a significant
number of the papers that approach the problem from a statmt economic point of view do
not sufficiently control for the biosphere or other natueadtbrs. On the other hand, many models
coming from a natural science background use statisticdlaoas that are ill fitted given the time-
series characteristics of the data. Modern econometribadstcan provide an interdisciplinary
solution to these problems.

To address these issues, we introduce an extended Gen&petific Get9 modeling ap-
proach based on automatic model selection and the theomdottion. This allows for a large
number of candidate explanatory variables, in particutardels can be estimated with more ex-
planatory variables than observations. It is thereforesipdes to include many lags to capture time
dynamics as well as a wide range of controls for natural facad industrial output measures. As
our main measure of anthropogenic productivity and emmssi®industrial production (measured
at monthly intervals), the data is analysed as a whole withenquiring prior decompositions into
trends and cycles. Models are also not restricted to a &giriori selection of variables. Using
IIS, the methods are robust to outliers and structural lsrgadndle unit roots reasonably well, and
provide a straight-forward method of testing for mis-sfieation.

Overall, the literature indicates a clear necessity torobhor the biosphere, temperature, El
Nifo effects, and long (as well as short-run) anthropogemasures. Intuitively, our approach is
to utilise a large number of potential determinants cohtrgffor the above mentioned factors, and
then use automatic model selection techniques to detenvhireh forces are significant. Starting
with a theory-based, but very broad General Unrestricted@GUM), the initial system is re-
duced to a specific model. This is a comparatively agnosticdata-driven approach that imposes
few restrictions on explanatory variables while being ilio sudden shifts (structural breaks).

3 Methodology

The carbon cycle, with many potential sinks and sources argtex system which makes it near-
impossible to correctly specify an appropriate model arprido model complex equations, we
rely on general to specific modeling approaches (see Cargpiesson and Hendry, 2005). The
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unknown data generating process (DGP) is the underlyingtsire that creates the data. Empirical
modeling will always deal with a subset of variables of theB)@wus an important factor is the
local data generating process (LDGP)—the generating psacethe space of the variables under
analysis: see Hendry (2009). The approach, therefore,asristruct a set of data based on broad
theoretical assumptions, which nests the LDGP, then withis set, reduce the model from its
general form down to a specific representation. This is a tep procedure. One: define a set
of N variables that include the LDGP as a sub-model. Two: stamvith that general model
as a good approximation of the overall properties of the,datiuce its complexity by removing
insignificant variables, while checking that at each reidudhe validity of the model is preserved.
This is the basic framework @etsmodeling.

This section introduces theoretical concepts of modekselg their use in mis-specification
testing, followed by the introduction of impulse indicasaturation (11S) and its generalized ver-
sion. All these concepts are then united and applied thrdlglautomatic search algorithAu-
tometrics The algorithm combines these features through automatiedt®n based oGets
while handling more variables than observations with lI6detecting breaks and outliers, and
mis-specification testing.

Model selection

The theory of reduction characterizes the operations oitlyliapplied to the DGP to obtain the

local LDGP. Choosing to analyze a set of variables, dengtexl, ,, determines the properties of
the LDGP, and hence of any modelsyefgivenx; ; (with appropriate lags, non-linear transforms
thereof, etc.). A congruent model is one that matches thereralrharacteristics of the associated
LDGP, evaluated by a range of mis-specification tests ($eeteendry, 1995, and section 3). A
model is undominated if it encompasses, but is not encoreddss all other sub-models (see e.g.,
Mizon and Richard, 1986, Hendry and Richard, 1989, and Bopseand Mizon, 2008).

Mis-specification testing

Using a large number of variables with IIS (discussed in # Bection) also provides a new view
of model evaluation: to avoid mis-specification and nonstancy, start as general as possible
within the theoretical framework, using all the availabéalunconstrained by > 7', (where N

is the number of variables afitithe number of observations) retaining the theory inspisecibles
and only selecting over the additional candidates.

Even so, this approach does not obviate the need to test du#fisption of the auxiliary
hypotheses against the possibility that the errors arenu#pendent, are heteroskedastic (non-
constant variance) or non-normal, that the parameters @reamstant, that there is unmodeled
non-linearity, and that the conditioning variables areindeépendent of the errors. Whéh<< T,
the first five are easily tested in the initial general mod#igowise their validity can be checked
only after a reduction to a feasible sub-model. Congrues@&ssential not only to ensure a well
specified final selection, but also for correctly-calibdadecisions during selection based on Gaus-
sian significance levels, which 1S will help ensure.



More variables than observations: N > T

The model selection approach introduced here allows forermariables than observations to be
used in modeling{¥ > T). For Autometricghis was first introduced through impulse indicator
saturation, and has recently been extended to the gensml ca

Impulse indicator saturation

The numbers, timings and magnitudes of breaks in modelssarally unknown, and are obvi-
ously unknown for unknowingly omitted variables, so a ‘poanteau’ approach is required that
can detect location shifts at any point in the sample whe aklecting over many candidate vari-
ables. To check the null of no outliers or location shifts imadel, impulse-indicator saturation
(I1S) creates a complete set of indicator variat{l%—it}} equal to unity whery = ¢ and equal to
zero otherwise foy = 1,...,T, and includes these in the set of candidate regressorsougth
this createsl” variables when there arE observations, in the ‘split-half’ approach analyzed in
Hendry, Johansen and Santos (2008), a regression firsdegly/2 indicators. By dummying
out the first half of the observations, estimates are basétle@remaining data, so any observa-
tions in the first half that are discrepant will result in gigrant indicators. The location of the
significant indicators is recorded, then the fifst2 indicators are replaced by the secdhi,
and the procedure repeated. The two sets of significantatai are finally added to the model
for selection of the significant indicators. The distriloum@l properties of IIS under the null are
analyzed in Hendregt al. (2008), and extended by Johansen and Nielsen (2009) to tatibreary
and unit-root autoregressions.

Figure 2 illustrates the ‘split-half’ approach for ~ IN [, o] for T' = 100 selecting indica-
tors at a 1% significance level (denoted The three rows correspond to the three stages: the first
half of the indicators, the second half, then the selectda@tators combined. The three columns
respectively report the indicators entered, the indicioally retained in that model, and the fitted
and actual values of the selected model. Initially, althoogany indicators are added, only one is
retained. When those indicators are dropped and the seadnehtered (row 2), none is retained.
Now the combined retained dummies are entered (here ju$t ané selection again retains it.
SinceaT = 1, that is the average false null retention rate.

We next illustrate IS for a location shift of magnitudeover the last observations:

Ye = p+ Al psropgy + & 4)

wheree; ~ IN[0,02] and) # 0. The optimal test in this setting would be-gest for a break in
(4) atT — k + 1 onwards, but requires precise knowledge of the locatiofttstming, as well as
knowing that it is the only break and is the same magnitudakbtieereafter. Figure (3) records
the behavior of IIS for a mean shift in (4) abo. occurring at0.757 = 75. Initially, many
indicators are retained (top row), as there is a considemistrepancy between the first-half and
second-half means. When those indicators are dropped arsg@tiond set entered, all those for the
period after the location shift are now retained. Once thelioed set is entered (despite the large
number of dummies) selection again reverts to just thoséhfobreak period. Under the null of
no outliers or breaks, any indicator that is significant onlasample would remain so overall, but
for many alternatives, sub-sample significance can beiganhslue to an unmodeled feature that
occurs elsewhere in the data set. Thus there is an impoitéaredce between ‘outlier detection’
procedures and IIS.
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Figure 2: Impulse indicator saturation under the null of ned
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Figure 4: 1IS outcomes for four location shifts
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While IS is perhaps surprising initially, many well-knovetatistical procedures are variants
of 1IS. The Chow (1960) test corresponds to sub-sample & 6v— k& + 1 to T, but without
selection, as Salkever (1976) showed, for testing pararnetestancy using indicators. Recursive
estimation is equivalent to using IIS over the future samaia reducing the indicators one at a
time. Johansen and Nielsen (2009) relate IIS to robust aithm and show that under the null
of no breaks, outliers or data contamination, the average aoapplying IIS is the loss a&T
observations. Thus, at= 0.01, for 7" = 100 one observation is ‘dummied out’ by chance despite
including 100 ‘irrelevant’ impulse indicators in the search set and civegkor location shifts and
outliers at every data point. Retention of theory varialdeeasible during selection with IS, as
is jointly selecting over the non-dummy variables, and & de generalized to multiple splits
of unequal size. While 1IS entails more candidate variathes observations a& + 7" > T,
selection is feasible aAutometricsundertakes expanding as well as contracting block searches
(see next section). Non-linear model selection (includimgshold models) is examined in Castle
and Hendry (2011).

For a single location shift, Hendry and Santos (2010) sh@nd#tection power is determined
by the magnitude of the shift; the length of the break intervdl — 7%, which determines how
many indicators need to be found; the error variance of thetson a%; and the significance
level, o, where a normal-distribution critical valug,, is used by the IIS selection algorithm.
Castle, Doornik and Hendry (2011c) establish the abilityifto detect multiple location shifts
and outliers, including breaks close to the start and entiesample, as well as correcting for
non-normality. Figure 4 shows the application of the gelhautometrics algorithm to a trend-
ing process with four breaks of varying magnitudes aver. ., 10; 40,...,45; 75,...,90; and
90, ..., 100, to illustrate the ability of IS to capture multiple brealet both the start and end of
the sample.

General case ofN > T

The idea of generalizing using more variables than obsen&from IIS to all forms of inde-
pendent variables is introduced by Hendry and Krolzig (3G5well as Hendry and Johansen
(2011). Suppose there aré = Z;V:l n; total regressors such that > 7" andn; < T for all

j. Consequently the total number of variablésexceeds the number of observatidn$ut total
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variables can be partitioned into blockseach smaller thait. Their approach suggests randomly
partitioning the set of variables into blocks of, apply Getsto each block retaining the selected
variables and crossing the groups to mix variables. The stextis to use the union of selected
variables from each block to form a new initial model and egfke process until the final union

of selected variables is sufficiently smafutometricimplements a variant of this algorithm to

handle the general case &df > T'.

Autometrics

Autometricqsee Doornik, 2009) is the latest installment in the autech@&etsmethodology and
is available in theOxMetricssoftware package. The algorithm is based on the followinghma
components:

1. GUM: The general unrestricted model (GUM) is the starpogt of the search. The GUM
should be specified based on broad theoretical considesatimest the LGDP.

2. Pre-Search: prior to specific selection, a pre-searcheldgction is implemented to remove
insignificant lags, speeding up selection procedures ahacneg the fraction of irrelevant
variables selected (denoted the gauge of the selectioegshd’re-search is only applied if
the number of variables does not exceed the number of olisersdV < 7))

3. Search PathAutometricauses a tree search to explore paths. Starting from the GAIM,
tometricsremoves the least significant variable as determined byotlhedt absolute-ratio.
Each removal constitutes one branch of the tree. For evdoct®n, there is a unique sub-
tree which is then followed; each removal is back-testednag#he initial GUM using an
F-test. If back-testing fails, no sub-nodes of this braneh @nsidered (though different
variants of this removal exist). Branches are followed lumii further variable can be re-
moved at the pre-specified level of significamcdf no further variable can be removed, the
model is considered to be terminal.

4. Diagnostic Testing: each terminal model is subjectedramge of diagnostic tests based on
a separately chosen level of significance. These testsdadksts for normality (based on
skewness and kurtosis), heteroskedasticity (for constmnce using squares), the Chow
test (for parameter constancy in different samples), asidwual autocorrelation and autore-
gressive conditional heteroskedasticity. Parsimoniog®mpassing of the feasible general
model by sub-models both ensures no significant loss ofnmétion during reductions, and
maintains the null retention frequency Afitometricsclose toa: see Doornik (2008). Both
congruence and encompassing are checkeduigmetricswhen each terminal model is
reached after path searches, and it backtracks to find aleakdeduced earlier model on
that path if any test fails. This repeated re-use of the oailgmis-specification tests as di-
agnostic checks on the validity of reductions does not affesr distributions (see Hendry
and Krolzig, 2003).

5. Tiebreaker: as a result of the tree search, multiple valichinal models can be found.
The union of these terminal models is referred to as the tah@UM. As a tiebreaker to
select a uniqgue model, the likelihood-based Schwarz (1Bit8)mation criterion (SIC) is
used, though other methods are also applicable, and tdrmodels should be considered
individually.

13



In simulation experiments, models are primarily evaludiaded on three concepts: gauge,
potency and the magnitudes of the estimated parametetshesn-square errorRMSES) around
the DGP values (see Doornik and Hendry, 2009). Gauge desctite retention of irrelevant
variables when selecting (i.e., variables that are saldui¢ do not feature in the DGP). Potency
measures the average retention frequency of relevantblesigvariables that are selected and
feature in the DGP). Low gauge (close to zero) and high pgtésiose to 1) are preferred, as are
smallRMSEs.

The main calibration decision in the search algorithm isdheice of significance level at
which selection occurs. Selection continues until retdinariables are significant at, though
it can be the case that variables in the final model are alamest at a level above if removal
leads to diagnostic tests failing. is approximately equal to the gauge of selection. Furtlner, t
choice of diagnostic tests and lag length selection fodrediautocorrelation and autoregressive
conditional heteroskedasticity need to be set.

In the general case dY > T and IIS,Autometricsgroups variables into two categories: se-
lected and not selected (Doornik, 2010). Not currentlycekt variables are split into sub-blocks
and the algorithm proceeds by alternating between two sfiegis the expansion step, selection is
run over not-selected sub-blocks to detect omitted vaggl$econd, the reduction step, a new se-
lected set is found by running selection on the system autgdevith the omitted variables found
in step one. This is repeated until the dimensions of theitehmodel are small enough and the
algorithm converges, so the final model is unchanged bydusbarches for omitted variables.

Autometricshas been applied successfully in a range of fields: see, aonpbe, Hendry and
Mizon (2011) on US food expenditure, Bardsen, Hurn and MdH{&§10) on unemployment in
Australia, and Castle, Doornik and Hendry (2011a) for a camspn with other selection methods.

Nevertheless overall selections should be interpreteefddy. Successful identification of
the underlying LGDP can be adversely affected by collingafi the independent variables. Most
simulations ofAutometricsvith large numbers of variables use orthogonal regresadiish makes
selection easier. Furthermore, whah > T, in the block selection algorithm cAutometrics
adding or dropping a variable from the initial GUM may chatigeblock partitioning of variables,
so the selection is not invariant to the initial specificatio

The next section covers the data used to construct the GUKM attempt to nest the LGDP for
atmospheric carbon dioxide. In the section followiAgitometricss then used to determine the
anthropogenic contributions to GO

4 Data

CO,

The atmospheric COdata used here is taken from Keeling’s measurements at Maamaavail-
able from Tans and Keeling (2011) (Scripps Institution ofe@uography). The time series of
carbon dioxide in monthly averages runs from 1958:3 until2@ at the time of writing. Simple
inspection of the data shows that both the level (see figuamd the annual change (see figure 5)
are increasing over time

The seasonal fluctuations are apparent in the data and am&ueet al. (2007) poetically
describe it, the regular seasonal cycle of;G®DMauna Loa “records the breathing of the Northern
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Figure 5: Annual changes in atmospheric£O
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Hemisphere biosphere”. In economic terms the level of apmesc CQ can plainly be described
as a stock variable. The total level of carbon dioxide canggraimated by the integral of the
netflow to the atmosphere.

CcO2, = / Netflow dt (5)

where Netflow = Carbon Sources—Carbon Sinks. Therefore aalysis of the impact of anthro-
pogenic emissions should be based on the change in atmaspédyon dioxide:

dCOq
dt

Approximating this relationship from continous to diserétne:

= Netflow (6)

dC O,
dt
The dependent variable modeled is therefA€O, ;. Equations (5)—(7) suggest that any re-
lationship between the change in atmospheric carbon ceoxiatl netflow should be modeled in
levels rather than any non-linear transformation ther&bé following section identifies variables
that make up the netflow, both anthropogenic as well as datouaces and sinks.

~ ACOZt = COQ,t — 002715,1 = NetﬂOV\/t (7)

Terrestrial biosphere

We use NDVI data to account for vegetation effects on carboride. Data are available for
the NDVI from the Oak Ridge National Laboratory Distribut&tthive Center (see Tucket al.,
2010) ranging from 1981:7 until 2002:12 at spatial resohsiof0.25, 0.5 and1.0 degrees latitude
and longitude.

CO, measured at Mauna Loa is driven by North American airflow ryithe Summer and
airflow from Eurasia during the Winter. Therefore, the ND\4ttal is split into two main regions:
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Figure 6: NDVI at £ and sampled regions for 1981:8
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North America and Eurasia. Using $patial resolution an algorithm then takes the average of
every3 x 3 observation grid on land within the two regions (excludingtev, permanent ice and
missing observations). To capture the main variation oktatipn, similar to the spatial analysis
in Buermannret al. (2007), the North American region is defined by the rectangtging from
86°N/167W to 14 N/48W, and the Eurasian region by the rectangles ranging frofiN/EBE

to 36°N/51°E and 76N/52°E to 7N/358E. Figure 6 shows the NDVI values for 1981:8 &t 1
resolution with the regions defined by red rectangles. Tamegates 198 time series variables for
North America and 567 for Eurasia.

Due to the nature of a common growing season in the Northemisdere, the generated
time series are highly collinear. Principal componentsqP&e used to reduce the number of
variables, while retaining most of the variation in the d&ance this process captures the overall
variation in vegetation, it should also reduce the problémandom noise, due to cloud cover at
the time of satellite measurement. Although PCs are jusliriransformations of the original
times series, they have two potential advantages. Firg,@€mutually orthogonal, so adding or
eliminating any one PC has little effect on the coefficienineates of others, making the model
more robust. Secondly, linear combinations of ‘small’ effecan be statistically significant (so
retained during model selection) when individual time egmvould not be: see Castle, Doornik
and Hendry (2011b) for a more detailed discussion. The irions of individuals variables can
be disentangled if needed.

For the following analysis, the first three principal compnts are entered for both North
America and Eurasia. Cumulatively they explamh6 percent of the variation in North America
and88.5 percent of Eurasian variation. Table 1 summarizes the ipahcomponents that account
for variation in the biosphere, and figure 7 shows the highbssnal variation present in the bio-
sphere as measured by PCs. The first principal componentsshdigher amplitude in Eurasia
compared to North America but the seasonal pattern is nedehtical. NDVI implicitly covers
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Figure 7: First principal components for Eurasian and Néutierican NDVI
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changes in land-use since it is a measure of photosynthativaty for a particular area. A forest
that is cut down would result in a change of NDVI from arountto closer to zero for that partic-
ular region. However, once NDVI is calculated for large oetg and reduced in dimensionality (by
PCs), changes in land use would have to occur on a grand sdad¢eidentified in the time series.
The principal components of NDVI should, therefore, benoteted primarily as the variation in
plant activity of photosynthesis and respiratory release.

Table 1: Principal components for vegetation, 1981:7-20002

North America Proportion of variance Cumulative

Principal Component 1 0.831

Principal Component 2 0.064 0.895

Principal Component 3 0.042 0.937
Eurasia

Principal Component 1 0.735

Principal Component 2 0.108 0.843

Principal Component 3 0.042 0.885
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Figure 8: Land and Sea temperature anomalies for the Northemisphere
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Oceanic indicators: Temperature and Southern Oscillation

The measure of temperature used here is the anomaly in lahseansurface temperature for the
Northern Hemisphere. The temperature anomaly measurpested to capture the main factors of
ocean CQ absorption and is available from the NASA Goddard InstifateSpace Studies (GISS)
(2011) Surface Temperature Analysis from 1880:1-2011t%e data is measured as an index in
0.01 degrees Celsius of deviations from the 1951-1980 baxsedp(see Hansen and Lebedeff,
1987, and Hansen, Ruedy, Sato and Lo, 2010 for the detailedumament methodology). Land
measures are taken from multiple stations and are combitedarected for urban and other non-
climatic factors. Sea surface temperature measures dretess to ice-free regions. As Hansen
et al, 2010 describe, temperature in the Northern Hemispherédms increasing despite recent
El Nifio effects. Figure 8 shows temperature anomalies f1868:3—2010:9.

The feedback effect of COs one of the main concerns in climate change. The level of at-
mospheric CQfeeds to temperature which, in turn, affects the rate of gnat CO, particularly
through oceanic absorption. There would be a potentiallprolof endogeneity if the level of CO
was modeled by temperature. However, lagged temperatuasures should be predetermined for
the growth of carbon dioxide.

To take account of weather phenomena through the Southeittaflen we include the South-
ern Oscillation index (SOI). Data on the SOI is availablarirthe Australian Bureau of Mete-
orology, (2011) from 1876:1 until 2011:9. Figure 4 shows 8@l for 1958 until 2011, with a
noticeably strong episode of El Nifio in 1997-1988X/ < 0).

Economic indicators

Anthropogenic contributions to atmospheric £&e normally approximated by low-frequency
economic indicators; for example annual GDP, populatioregtimate of total COemissions or
cement production (see section 2). This works reasonallywaen trying to explain the long-run
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Figure 9: Southern Oscillation index
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dynamics of carbon. However, using only low-frequency atmueasures does not allow for esti-
mation of any effect of anthropogenic emissions on the sedsariation of CQ. High-frequency
(monthly) measures of anthropogenic output permit a rieinalysis. Here we use a combination
of multiple low-frequency (annual) and high-frequency (rtidy) indicators. The annual data is
included to provide a robustness check and potentiallywtdor long-run growth. Monthly mea-
sures are included for short-run dynamics, which couldarghe seasonal fluctuations as well as
long-run growth. To capture atmospheric transport, véegmhare chosen to reflect North America
as well as Europe/Asia.

High-frequency (monthly) measures

The main high-frequency indicators for anthropogenic gbation to CQ used here are monthly
industrial production indices for multiple regions. Inthiedl production for North America is given
by the US Industrial Production Index (2005=100) availdiden the Federal Reserve, (2011). The
data are not seasonally adjusted and ranges from 1919t 20b1i:5. The index measures real out-
put in the sectors covering manufacturing, electric andugiéises and mining and thus accounts
for a large share in business-cycle fluctuations. To covenfigiand Asia, industrial production in-
dices for the United Kingdom (UK), Germany, India and Japariracluded. These measures func-
tion as a proxy for business-cycle fluctuations in the Earasegion. Ideally Chinese and Russian
production should also be included, however there are ro aatilable on industrial production
for both countries at the required frequency and time gpaK.industrial production is measured
as an index (2005=100) of non-seasonally adjusted manmuifiagtactivities. The data are ob-
tained from the Office of National Statistics, (2011) andyesifrom 1968:1-2011:6. German and
Japanese industrial production is measured by the induptoduction index (2005=100) cover-

2Chinese gross industrial output is only available from 19@B9 with a change in measure thereafter. Inclusion

of this series did not improve selection at the cost of a rédnén observations.
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Figure 10: Industrial Production indices, 2005=100
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ing manufacturing, mining and electricity, gas and watgpdy The series are available only in

seasonally-adjusted format from the OECD (2011) from 196@til 2011:2, where for Germany

after October 1990 the data account for the accession oféhe&@) Democratic Republic to West
Germany. The Indian industrial production index (200531€vers manufacturing, mining and

electricity (Government of India, Ministry of Statistig2011)) and ranges from 1981:4-2011:5.
Table 2 and figure 10 summarize the high-frequency measures.

Table 2: High-frequency (monthly) variables

Measure Description Range Source

US Industrial Production Index 2005=100 1958:3—-2011:5 \d&dral Reserve

UK Industrial Production Index 2005=100 1968:1-2011:6 ONS
Germany Industrial Production Index 2005=100 1960:1-2D11 OECD
India Industrial Production Index 2005=100 1981:4-2011:5 Gouvt. of India
Japan Industrial Production Index 2005=100 1960:1-2011:2 OECD

The seasonal adjustment of German and Japanese indusidaktgion is visible in their damp-
ened seasonal cycles. The higher seasonal variation in tikstrial production likely stems from
it covering primarily manufacturing, which is more volattio business cycles and seasonal factors
than mining and energy production included in the otherdesli

These industrial production series are highly collinearwe again employ principal compo-
nents to reduce the dimensionality and work with orthogeaghbles, which improves robustness
in selection as discussed above. Table 3 summarizes théhfiegt industrial production compo-
nents, which cumulatively explain approximately 97% ofiaaon in production. Figure (11)
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Figure 11: Industrial production principal components
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compares US industrial production to the three compones@d in selection.

Table 3: Principal components for Industrial Productic®§1:4—-2011:2

IP Proportion of variance Cumulative
Principal Component 1 0.809

Principal Component 2 0.119 0.928
Principal Component 3 0.047 0.975

These are the first 3 anthropogenic high-frequency compsmeciuded in the GUM. While
industrial production reflects the intensity of economithaty associated with higher emissions,
it does not account for changing emission intensity. Mofeieht processes could lead to an
increase in industrial production without an equivalerr@ase in emissions. This is a crucial
missing measure and difficult to control for: an attempt isdenay including overall long-run
emissions estimates in addition to production.

Low-frequency (annual) measures

Low-frequency anthropogenic measures are variablestegpon an annual basis, and capture the
long term of human-driven CCemissions. These low-frequency variables include totahesed
CO, emissions (in thousand metric tons of carbon) for North AogerWestern Europe, Eastern
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Figure 12: CQ emissions and principal components
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Europe, Central Asia and the Far EASEmissions are estimated based on the burning of fossil
fuels, cement manufacture and gas flaring by the US Depattoidinergy (see Marlandt al.,
2011) from 1950-2007. Table 4 summarizes the annual mesasure

Table 4. Low-frequency (annual) variables

Measure Description Range Source

N. America CQ Emissions  000s tons carbon 1950-2007 US Dep. of Energy
W. Europe CQ Emissions ~ 000s tons carbon 1950-2008 US Dep. of Energy
E. Europe CQ Emissions 000s tons carbon  1950-2008 US Dep. of Energy
Central Asia CQ Emissions 000s tons carbon 1950-2008 US Dep. of Energy
Far East CQ Emissions 000s tons carbon 1950-2008 US Dep. of Energy

In order to usefully combine these annual variables withrtfoathly measures listed above,
all annual variables are linearly interpolated to montigervations. In the case of moving from
annual to monthly observations, this method estimatesahbtrline over 12 months between each
annual observation. While this may be restrictive, if thasemal structure of the variables is not
known there is n@a priori reason to prefer a different interpolation algorithm. Iy aase, seasonal
dummy variables and IIS can ‘pick up’ any systematic or laiigeiations. As before, the low-
frequency measures are reduced in dimensionality by @dlogltheir principal components. The

3See Marlanckt al, 2011 for a detailed listing of which countries are includ&astern Europe includes Russia,

Central Asia includes China, and India is covered by the Rt Eategory.
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first three components capture 99% of variation in the ewmssseries. Table 5 shows explained
variation of each component and figure (12) displays intatpd CQ emissions as well as the
three low-frequency PCs.

Table 5: Low-frequency (annual) components

CO, emissions Proportion of variance Cumulative
Principal Component 1 0.733

Principal Component 2 0.222 0.955
Principal Component 3 0.039 0.994

The components of the interpolated annual variables ahedad to account for potential low-
frequency movements, the industrial production shortitedicators are expected to be sufficient
to capture inter-annual dynamics. These are the first tlos@drequency anthropogenic compo-
nents included in the GUM.

5 Estimation

Overview

The dependent variabl&C'O, is modeled as a finite autoregressive-distributed lag m@deaL)
(see e.g., Hendry, 1995):

p
ACOzy = a(L)ACOy 1 + > bi(L)wis + 21 + € (8)

i=1

where L. denotes the lag operator, apds the number of explanatory variables The vectorz
consists of non-lagged deterministic terms such as a limaartrend, centred seasonal variables
and impulse indicators. Letdenote the total number of explanatory variables that appeshe
left-hand side of equation 8. Then the change in atmospi@®icis modeled as a function of
past values of the change in g@urrent and past values of selected independent variahlaad
deterministic components. Figure 13 graphS§'O,; for 1982:7-2002:12. The seasonal variation
is so large that it is difficult to visually discern the slowt lpersistent growth.

There is a large number of potential explanatory variables modeling atmospheric CO
The model needs to account for all the above mentioned grajemic and natural factors as well
as their lag reactions, as G@ a highly autocorrelated time series. Adding IIS quicklgves the
general unrestricted model to a situation with more exptayavariables than observations. This
used to be a major difficulty in modeling, however, as outimesection (3), can now be handled
by estimation in blocks usingutometricgo select variables to retain in the final model in the form
of (8). The estimation procedure operates as follows: tistheory-motivated GUM is specified,
then estimation in blocks following thutometricsalgorithm selects down to individual terminal
models. The union of terminal models is captured by the firdMSFormally, the selection for
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Figure 13: Dependent variabeCO, , over 1982:7-2002:12

Il Il Il Il
1985 1990 1995 2000

the final model can use the likelihood-based SIC, though&steaminal model represents a valid
representation, final model selection can be based on dteerdtical considerations.

Formulation of the GUM

The dependent variable that is being modeled 3O, (the change in atmospheric carbon diox-
ide measured at Mauna Loa). Whiteitometricshas been shown to be effective at recovering
the data generating process in large models, the algorghmotiperfect and is sensitive to initial
specification. As a robustness check, therefore, we e&imattiple variations of initial sample
specifications. The sub-sample GUMs 1 and 2 are selectedffereat initial variables, though
they always include the main variables of interest: shematdynamics captured by monthly in-
dustrial production and the control variables for natuaatérs—temperature, SOl and vegetation.
Non-anthropogenic emissions are captured through patemteanic release af'O, (SOI and
temperature) and the respiratory release phase in vege{@DVI close to zero). The models
include general control variables of a constant, a lineae trend and 11 centred seasonal dummy
variables (annual frequencyl dummies with mean zero in the long run), which are subject to
selection so not automatically included in terminal models

To capture inter-seasonal transport dynamics, intemrad¢goms for Winter/Summer are in-
cluded with each vegetation measure. Summer is defined as®tagber and Winter is defined
as November—April. Thus, binary variables (Winter and Swankveights) are interacted with all
region-specific NDVI variables and included in the GUM. Thauld be extended to smoothed
weights following a sine/cosine pattern, but binary wesgdute expected to capture the main sea-
sonal effect of different atmospheric transport.

Sample 1 includes all variables measured at a monthly frexyuenatural control variables
as well as the first three components of industrial prodacti®ample 2 includes all short-term
dynamics as in sample 1 and adds the first three low-frequietespolated fossil fuel emission
components.

Since ACO, is a highly autocorrelated series when measured monthign@ lag length is
allowed. Based on the partial-autocorrelation functiohGP) of ACO,, the longest lag length
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Figure 14: Partial-autocorrelation function faC'O,
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is selected to be 12, as longer lags fall below the 95% crikeel. Figure 14 shows the PACF
for ACO,. Additionally, 12 lags of each independent variable arecddd GUM 1. Lag lengths
for GUM 2 are specified based on selection from GUM 1 to comgkenfor a larger number of
independent variables (see section 6).

Table 6: GUM: Sample 1

Variables included lag length

Temperature 12
NDVI PC1 Eurasia (Eur) + Winter Interaction 12
NDVI PC2 Eurasia (Eur) + Winter Interaction 12
NDVI PC3 Eurasia (Eur) + Winter Interaction 12
NDVI PC1 North America (NA) + Summer Interaction 12
NDVI PC2 North America (NA) + Summer Interaction 12
NDVI PC3 North America (NA) + Summer Interaction 12
SOl 12
Industrial Production Comp. 1 12
Industrial Production Comp. 2 12
Industrial Production Comp. 3 12
Constant yes
Trend yes
Centred Seasonal Variables yes
Impulse Indicators yes
Total variables 492

As controls for the terrestrial biosphere are included iearg\GUM, it is the NDVI measure
that defines the maximum number of available observatioaghd dioxide is measured at Mauna
Loa from 1958:3 until present, but NDVI data is only availallom 1981:7 until 2002:12, so the
vegetation control limits the maximum number of observatito 258. A maximum lag length of
12 then leads to the estimated sample size being 246 obsav@l = 246).

Impulse indicator saturation includes one binary varidbteach observation. In the case of a
model with 12 lags, this means that 246 individual binaryalaes are added to the GUM. Tables
6 and 7 provide an overview of the variables making up the sausypecific GUMs.
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Table 7: GUM: Sample 2
Variables included lag length

Temperature 6
NDVI PC1 Eurasia (Eur) + Winter Interaction 12
NDVI PC2 Eurasia (Eur) + Winter Interaction 12
NDVI PC3 Eurasia (Eur) + Winter Interaction 12
NDVI PC1 North America (NA) + Summer Interaction 12
NDVI PC2 North America (NA) + Summer Interaction 12
NDVI PC3 North America (NA) + Summer Interaction 12
SOl 6

Industrial Production Comp. 1 6
Industrial Production Comp. 2 6
Industrial Production Comp. 3 6

CO; Emissions Comp. 1 6
CO; Emissions Comp. 2 6
CO; Emissions Comp. 3 6

Constant yes
Trend yes
Centred Seasonal Variables yes
Impulse Indicators yes
Total variables 483

Non-stationarity

Non-stationarity is a common feature of time-series dateoaBly, a non-stationary process is
defined as a process whose distribution changes over timextomple the mean or variance
of the process are non-constant (see Hendry and Juselid8, 0 a detailed discussion). The
trending level of CQ measured at Mauna Loa is non-stationary as its mean is siogeavith
time. There are various forms of non-stationarity. The tsages could be integrated processes
(a time series is said to be integrated of ordeor I(r), if differencing the series times yields a
stationary process), or alternatively there could be tiratbreaks/shifts in coefficients or levels.
Non-stationarity through structural breaks need not beoke by differencing. 1S is used to
detect structural breaks (as well as mis-specificatiorg:l&#rge number of impulse indicators are
selected, the model may be mis-specified, data badly misumed; or there are breaks in the data.
Non-stationary data is not a problem in automatic modelksele so long as it is approached
correctly. Selection il\utometricss primarily based or andF-statistics that under non-stationarity
can follow non-standard distributions. Sims, Stock andsaéat 1990 show that the limit distri-
butions of these test statistics are standard if the origigaation can be re-written in terms of
coefficients on mean-zero stationary variables. That isypthe actual re-parametrization is not
required, merely the existence of a linear re-parametozah mean-zero variables is sufficient
for the test statistics in the original equation to have @g&ad distributions. So long as the equa-
tion can be written that way, selection basedtoand F-statistics will be valid. However, there
are potential problems during selection when a path is densd in which this re-parametrization
Is not possible. Such a difficulty is hard to avoid, so is haddiere by using tight significance
levels that allow for possible non-standard distributioAs figure 5 showed),C'O, manifests
a strong stochastic trend so is clearly not stationary: imtimy data, that trend is ‘swamped’
by the seasonal variation. Due to this strong seasonalitynanted Dickey—Fuller (Dickey and
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Fuller, 1981) type tests would not successfully identifyrat woot. Seasonal unit-root tests are
somewhat unreliable as other determinants, such as baksot included, but based on the ap-
parent stochastic trend ih,,C'Os, it is safe to say thahC' O is integrated of order oné(1). Unit
roots can also not be rejected for most of the independerts$ienies variables that are included
as potential determinants. The order of integration of tygethdent variable is then the same as
the order of integration of the independent variables. Givat the model can be written as co-
efficients on stationary mean-zero variables (see Banddelado, Galbraith and Hendry, 1993),
we proceed by estimating the model in levels with tight digance levels to account for selection
effects where a(0) re-parametrization is not possible.

Algorithm specification

TheAutometricsalgorithm is used to estimate and select within the GUMsilesd in tables 6 and
7. The algorithm is calibrated to the following paramet&slection is done at@1% significance
level, considerably tighter than the conventiosfalor 1% used in the literature. In models starting
with K irrelevant variables, this implies that on averdg@é)1 K irrelevant variables are retained
in the terminal model. The current model is reduced by rempvhe least significant variable
until variables cannot be dropped at th&% level. At the termination of each path, models are
backtested to the initially specified GUM when feasible. dbiastic tests, defined formally below
(see Doornik and Hendry, 2009), are conducted #¥devel, for normality, heteroskedasticity,
coefficient constancy (set to7@% sample split), residual autocorrelation and autoregressin-
ditional heteroskedasticity, both based on 8 lags. Theifspg&UM includes more variables than
observations with 1IS, so diagnostic tests are only apgletgrminal models, and if satisfactory,
conventional standard errors are used.

6 Results

Overview

The specifications given in tables 6 and 7 are selected frovargeunrestricted models usiAgito-
metricsby the algorithm outlined in section 5. Sample 1 includesatlral controls and monthly
anthropogenic components; sample 2 includes all naturdatals as well as monthly and annual
anthropogenic components. The crucial featur&utbmetricss determining the selection of vari-
ables, rather than their estimated coefficients, althoug$ ¢orrections have been implemented.
Below, we also note the relative importance of individualiatles through decompositions of
explained variance.

The selection algorithm results in 14 terminal models fongke 1, and 16 terminal models for
sample 2. It may surprise that so many congruent undomirditisient representations can be
found at such a tight significance level@3$%, but this merely reflects the high collinearity both
between the different series and over time as representdtivyagged values. Most of the termi-
nal models are minor variations on others as the final GUM<iaahd 30 variables respectivély.
The final models are selected from the set of terminal modeisdosmallest SIC value. Equations
(9) and (10) show the selected final models for sample 1 anglsarespectively.

“Detailed results are available from the authors on request.
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ACOs, = 024 ACOy, ; — 0.67 ACOyy 5+ 0.20 ACOyy 3

(0.053) (0.049) (0.05)
— 032 ACOyyy+ 024 1Py, , — 0.30 IPq,_,
(0.037) (0.057) (0.056)

— 0.20 1Py,_, + 0.15 IP3, + 0.003 Temp_,
(0.034) (0.035) (0.0005)

— 0.006 SOk_5 — 0.042 NDVIy gy, , + 0.019 NDVIy gy,

(0.0013) (0.007) (0.003)
- 0.020 NDVI :|_Y Eu[;g_12 + 0.026 W_N DVI 3, Eurt_8 (9)
(0.006) (0.007)

0=0.212 T=246 n =14 SIC = —0.006 F,(8,224) = 1.55
X24(2) = 1.47 Freeer(2,230) = 1.42 Foen(8,230) = 1.07 Fpe(28,217) = 1.42

Let F..me denote an approximate Lagrange-multiplketest, therF,, tests for autocorrelation of
orderk (Godfrey, 1978)F... tests for heteroscedasticity (White, 198B),, tests fork*-order
autoregressive conditional heteroskedasticity (ARCHJIENL982) F, ... tests for functional-form
mis-specification (White, 1980), and(2) tests for non-normality (Doornik and Hansen, 2008).

ACOyy = —0.57 ACOyy_p — 022 ACOy,_ 4+ 0.27 IPy, |
(0.051) (0.050) (0.062)

— 034 1Py, , — 0281Py_, + 0.16 IP3, — 0.74 l19907)
(0.063) (0.039) (0.035) (0.21)

+ 0.004 Temp_, — 0.007 SOl,_5 — 0.047 NDVIq gy
(0.0006) (0.001) (0.008)

- 0.044 NDVI 1’ Eurt_3 + 0.033 NDVI 1, Eurt_11 - 0.042 NDVI 1’ Eu';f—lQ
(0.006) (0.006) (0.009)

_'_ 0.030 NDVIZ’ Eurt_11 - 0.029 W_NDVIZ, EUE_7 - 0.022 W_NDVIZ’ Eurt_8
(0.008) (0.007) (0.006)

+ 0.035 W.NDVIg gy, , — 0.039 SNDVIg na,_, + 0.034 SNDVIy s,  (10)
(0.007) (0.008) (0.007)

5=0.199 T =246 n =19 SIC = —0.048 F,(8,219) = 1.62
X2(2) = 0.044 Freeet(2,225) = 0.042 Fopen(8,230) = 0.57 Free(36,208) = 1.03

First: as is to be expected from the theory, controls for reétiactors are selected in both
final models. Temperature anomalies enter the model withsdiyp® coefficient, likely capturing
the effect of oceanic uptake such that Li@creases with higher temperatures. \Vegetation con-
trols through the principal components of NDVI are seledtedoth models, as is the control for
Southern Oscillation. However, a key finding is that in bathrtinal models, natural controls are
insufficient to account for the variation in the change of @pheric CQ. Anthropogenic factors
captured through components of industrial output indice<ansistently selected in both models.
Selection of these components is highly consistent ovemtbanodels as the selected production
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components are identical in models 1 and 2. Selection oktleesobust to the addition of emis-
sions components which are not selected in sample 2, suggésat the high frequency measures
provide a better approximation for anthropogenic emissimpasured at Mauna Loa.

Second: most selected variables enter the model in lagged f@nly the third principal
component of production (in sample 1 and 2) and the first corapbof Eurasian NDVI (in sample
2) have an estimated immediate effect on the growth of.C®lost anthropogenic emissions
and vegetation growth “lead” measured atmospheric 6P suggested time periods of 1 to 12
months. Relative to the initial sizes of the GUMs, few valéghare retained, yet relative to the
tight significance levels, many more are retained than cbeldttributed to chance (less than 1 on
average).

Third: the final models appear to be well specified. As a resulbhe algorithm, all models
pass tests for normality, heteroskedasticity, residucrelation and autoregressive conditional
heteroskedasticity. The number of selected indicatora il& is low. There is only one indicator
selected for 1990:7. This suggest that the model is coyrepibcified and there appear to be no
real structural breaks or shifts in the change of atmospl&@,. No deterministic variables are
selected: no constant, time trend or centred seasonalgamjppthe final models. This suggests
that changes in CQOare well approximated by the selected final variables cageainthropogenic
and natural factors. If constants are included post-gele¢both not statistically different from
zero in models 1 and 2R? can be used as a rough measure of goodness of fit. Both finalsnode
exhibit a high goodness of fiR¢ = 0.974 and =0.978 respectively). This is not a straight result of
selection aAutometricsdoes not directly maximize the goodness of fit. MoreoRérmeasures
should not be attributed much weight when assessing moaelthere are preferred likelihood-
based measures that also account for the number of paranretierded.

GUM: Sample 1

Sample 1 in equation (9) covers all variables measured atrahiyofrequency. Autometricsin
sample 1 with 246 observations estimated 345 models reglilsgnnumber of explanatory vari-
ables from an initial 492 (split into initial 6 blocks) down 14 in the final model. The final model
passes the stationarity test on the residual, unit rootgmgrfrom lagsl to 12 are rejected at the
1% level using an ADF test. There are no impulse indicator e selected in the final GUM.
Together this provides evidence for a well specified modal fibrms a stationary relationship.

Selection: neither the constant, the linear time trend eatred seasonal variables feature in
the final model, so that the seasonality and increase in thwethrof CO, are explained by the
anthropogenic and natural factors. All selected variag@part from IR,) enter the model as lags,
suggesting a delay in the effect of @@missions/absorption and measurement at Mauna Loa. The
longest lag on an anthropogenic component is 4 months.

The anthropogenic sources that are selected are all thieg@pad components for industrial
production at lag lengths ranging from immediat® ¢ — 4. Component 1 is selected at 1
andt — 4 with opposite signs, suggesting that it enters the modehiyas a difference. As these
variables are principal components of production indites coefficients are not straight-forward
to interpret. The key result is the consistent selectidafive importance and lag length of these,
rather than the signs of individual estimated coefficients.

The non-seasonally weighted principal components for N&¢Imostly selected, but only the
Eurasian region is included. Given that the growth cycleelatively similar in North America
and Eurasia this should not be over-interpreted. It isyikkht the PCs for North American and
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Eurasian vegetation capture a very similar pattern ancaae&onsiderable extent interchangeable.
The negative coefficient on the first PC of vegetation (atl, as well as in the long-run solution
below) supports the theory that increased vegetationigctiows down CQ growth. The near
equal magnitude, opposite signsona 10 andt — 12 suggest a difference, a pattern also seen in
(10). The coefficient on temperature is positive at a lag ef4), likely capturing reduced oceanic
absorption under higher temperature. Southern Oscitiaiters the model at a lag of five months
with a negative coefficient. Thus, during El Nifio episodg®{ < 0) growth in CQ, appears to
increase, in line with findings of other papers (see Bacastow6, Keeling and Revelle, 1985).

To quantify and assess the relative importance of eachssgrewe decompose the total ex-
plained variation iM\C'O,. Decomposition is not straight forward when independeriabes are
correlated. We use two measures, paialnd hierarchical partitioning. The parti&F provides
a measure of the marginal contribution to explained vamator a given variable, while holding
other factors constant. In hierarchical partitioning tplained variance is decomposed by cal-
culating the average contribution of each variable ovepaiéntial orderings of the variables (see
Kruskal, 1987, and method LMG in Groemping, 200Thdividual variance contributions sum to
unity and can be interpreted as percentages. This yieldesdbr individual variables that sum
to the total explained varianc&y). Table 8 ranks the selected variables by the paRiand also
reports relative importance based on hierarchical pauniitig.

Table 8: GUM: Sample 1 relative importance

Variable Partial R? hierarchical partitioning
ACOy ;9 0.4472 0.0661
ACOy—4 0.2461 0.0643
NDVIy eu;_,, 0.1583 0.0257
IP,,_, 0.1259 0.0036
NDVI 1, gu;_, 0.1259 0.2795
Temp_, 0.1225 0.0067
1P, , 0.1105 0.0117
SOl_5 0.0836 0.0014
ACOy ;1 0.0796 0.1954
IPs, 0.0756 0.0074
IP1,_, 0.0727 0.0157
ACOy;_3 0.0619 0.0372
W_NDVI3 gy;_, 0.0578 0.0200
NDVIy eu;_,, 0.0483 0.2648

Based on this decomposition, the single largest (non-agtessive) contribution comes from
the Eurasian NDVI principal component of vegetation folemvby industrial production. The
anthropogenic components cumulatively explain a largetifva of the variation in atmospheric
CO,. Perhaps surprisingly, both the SOI and temperature akedalow based on hierarchical
partitioning.

SAn intercept is forced to be retained in selection of these@hg though it is not statistically different from zero
for model 1 and 2.
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GUM: Sample 2

Sample 2 in (10) covers all variables measured at a montelyuncy as well as interpolated
annual components for long-term anthropogenic emissibag. selection for sample 2 is based
on selection in sample 1. Selection in model 1 results in aimamx lag of 4 on anthropogenic
components and 5 for temperature and SOI. The longest lagfmtation was selectediat 12.
Therefore, GUM 2 starts with a maximum lag of 6 for anthroppgeomponents, and a maximum
lag of 12 for vegetation Autometricsin sample 2 with 246 observations estimated 571 models
reducing the number of explanatory variables from an in&&8 (split into initial 6 blocks) down

to 19 in the final model. Unit roots are rejected for the modsiduals at the 1% level using ADF
tests covering up to 12 lags. There is only a single impuldeator selected (1990:7), suggesting
no major breaks or mis-specification.

Selection: sample 2 results in a slightly higher number tdcded variables in the final model
relative to sample 1. In terms of robustness, selectiorgisihiconsistent relative to sample 1. An-
thropogenic components, as well as temperature and Sou@lssillation are selected identically
to model 1. No deterministic terms are selected.

Anthropogenic emissions are captured solely by the prai@pmponents for industrial pro-
duction: the low-frequency fossil fuel measures are nodcdet. These findings suggest that
high-frequency industrial production provides a betteasuge for anthropogenic factors than in-
terpolated fuel emissions. This may appear surprisinggivat anthropogenic emissions directly
measure emitted carbon dioxide: however, this resultylikééms from the annual frequency of
carbon dioxide emissions that miss any seasonal component.

In terms of natural controls, the estimated coefficient angerature is positive and that on
Southern Oscillation is negative, both as in the previoudehoThe selection of vegetation vari-
ables moves towards seasonally-weighted Eurasian imdgatit also adds North American NDVI
measures. The selection of seasonally-weighted vegetatg@asures supports the theory of atmo-
spheric transport. The shift in selection of vegetationaldes is likely due to the collinearity in
the NDVI measure resulting from a similar growth cycle in MoAmerica and Eurasia. The se-
lected indicator for 1990:7 (July) suggests there was aatemuin growth relative to other years.
Although the cause for this is not apparent in the data, itikhbe noted that such an indicator
creates a step shift in the level of 3o may correspond to China’s resurgent growth thereafter.

Table 9 ranks the selected variables by relative importdrased on the partiak?.  An-
thropogenic components rank similarly to model 1, with, IP being the second largest (non-
autoregressive) contributor to explained variation dferasian vegetation. Though, the measure
of relative importance matters — based on hierarchicaltmaiing anthropogenic measures are
ranked lower than vegetation, while still above temperaturd SOI.

Comparisons between sample 1 and sample 2

GUM sample 1 and GUM sample 2 are estimated as robustnesksch@omparingAutometric
selection in sample 1 and 2 there is highly consistent gefectf key variables. Industrial pro-
duction, temperature, vegetation and Southern Osciliare selected identically in both models.
Anthropogenic emissions are consistently selected indime bf high-frequency industrial produc-
tion rather than low-frequency annual emissions. ConWerselection of regional NDVI varies
slightly between models, which could be the result of a imgrowing season and pattern in
North America and Eurasia as measured through NDVI datdefeifices in selection from sample
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Table 9: GUM: Sample 2 relative importance

Variable Partial R? hierarchical partitioning
ACOy,;_9 0.3582 0.0298
NDVIy, gu;_, 0.2147 0.029
IP,,_, 0.1814 0.0040
NDVI 1, gy, 0.1376 0.175
Temp_, 0.1349 0.0055
SOl,_5 0.1149 0.0013
1P, , 0.1109 0.0067
NDVIy gu;_,, 0.1098 0.095
W_NDVI3 gy;_, 0.0974 0.0122
s_.NDVI 1, NA, g 0.0936 0.055
S.NDVIy, na,_, 0.0869 0.0464
IP3, 0.084 0.0034
NDVIy eu;_,, 0.0813 0.174
ACOy 4y 0.0805 0.0778
IP1,_, 0.0792 0.0086
W_NDVI3 gy, 0.077 0.078
W_NDVI3 gy;_, 0.0605 0.1125
NDVI; gu;_,, 0.0555 0.081
l1990(7) 0.0507 0.0018

Figure 15: Graphs of fitted and actual values in differenceslevels
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1 to sample 2 may seem surprising given that all vegetatioiablas in sample 1 are identical

to those in sample 2. However, the PCs are only orthogonaimregions, and are highly cor-

related between as figure 7 shows. The result of differeetteh may be due to computational
short-cuts, namely dropping branches in the tree searehafhodel failed back-testing, and block
partitioning inAutometricswhich adversely affect consistent selection.

Overall, based oAutometricselection, natural factors such as vegetation, tempexgdauth-
ern Oscillation are necessary but not sufficient in exphagjrmhanges in atmospheric @@easured
at Mauna Loa. Industrial production variables are constbteselected. Most estimated effects
from selected variables affedC'O, with a lag, and there seem to be few or no structural breaks
in the relationships being modelled. As a further robustrmdeck, future work will involve apply-
ing the estimation method to other measurement statiorisasiBarrow, Alaska (Keeling, Piper,
Bollenbacher and Walker, 2008). Atmospheric carbon de@tiBarrow has been measured from
1974:2 until 2007:12 and displays higher amplitude and éngtutocorrelation due to its location
relative to Mauna Loa.

Using relatively few assumptions, automatic model sebecivith Getsmodelling can provide
a tool to successfully model complex relationships. Stgrfrom a broad GUM that nests the
LDGP theoretically (accounting for natural and anthropogesinks and sources), the analysis
proceeds with an agnostic approach to determine the kegrfaict changes in atmospheric €O
First, automatic model selection reduces the GUM to terhmmalels. Shortcomings of automatic
model selection are computational issuegiriometricsselection because of short cuts and block
partitioning. However, the terminal models appear congfrgacceptable diagnostic tests, few to
no indicators or seasonal dummies selected) and are alpogseg by theoretical conclusions from
the broader literature—natural effects are selected Wwitheikpected signs on coefficients. Key in
the results is that additionally to the natural determiaaaiected, all terminal models include a
large number of anthropogenic factors. The explained nagas decomposed to establish the
relative importance of the variables. Using hierarchicatifioning and ranking based on patrtial
correlations, the anthropogenic contribution to expldiwariation is quantifiable and found to be
high.

From changes to levels

The models estimated as GUM sample 1 and GUM sample 2 desbalmhange in atmospheric
carbon dioxide ACO,. While most of the analysis has been focused on the chang®iniC

is possible to recover the estimated level from the modelsdl2a Level estimates for model 1

and model 2, based cﬂ/ﬁbg,t = A/C\Og,t + CO4,_; are given in figure 15 and show the close fit.
The next step is to attribute the components of the long-rphe@ation. To do so, we derive the
relation after all dynamics from lagged variables have Is#wve out (the ‘long-run solution’: see

Hendry, 1995). In a simple ADL(1) of the form:

Y = M1+ Aoy + € (11)
where| ;| < 1, the long-run conditional expected value is:
Ely [ 2] = Mai /(1= Xo) = i1y (12)

Then, based on the theoretical specifications given in emsat5)—(7), the solved estimated model
is in the approximate form given in equation (13):

ACOy; = Biw1s + Botay + -+ + Bygs + € (13)
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This can be re-written as:
COgp = COgy 1 + B121s + Boras + - + B Tgr + € (14)

Recursive substitution far'O, ;_1, CO4,_, ... in equation (14) yields:

t t t
CO9y = COgp + B4 le,t—j + [, Z T+ -+ 05, qu,t—j + e (15)
j=0 j=0 j=0

We divide the variables into two different groups: lebe the number of variables ; that have

a stationary cumulative sum (non-trendir@jz0 zi¢—; ~ 1(0), so thaty — s variables have non-

stationary cumulative sums (trendin@);:0 x;4—; ~ I(r) wherer > 0. Equation 15 can then be
expressed as:
0027t = COQ,O + Xls,t/Bs + X;—s,tﬁqfs + €t (16)

wherex, ; andx,_, ; ares x 1 and(q — s) x 1 column vectors respectively wi@jﬁzo x;¢—; as their
row elements. Equation (16) implies that the trending lev&€l O, is a function of the cumulative
sums of the stationary( ;) and non-stationary{,_ ;) variables in our model. Stationary variables
in x,; by nature cannot drive the trend. Only explanatory varsklgh non-stationary cumula-
tive sumsx,_, ., determine the trend. This provides a straight-forwardnoetof evaluating the
underlying factors of the long-run trend.

Out of the selected variables in models 1 and 2, only a suldebit trending cumulative
sums, which are all the anthropogenic factors and the teatyreranomaly. Both natural controls
of NDVI and SOI remain approximately stationary around zever time. Importantly, neither
final model includes a deterministic intercept or trend,aklon summation would become a linear
or a quadratic time trend. However, summed variables doangd b straight-forward interpretation
in the case of PCs of industrial output and temperature. fEmeling temperature anomaly is likely
a mutually supporting feedback effect, as mentioned in@edt Overall, the trend in the levels of
CO, is derived from the trends in the independent variables th bstimated models, so is driven
primarily by the PCs and partly by temperature. Specific#ig empirical equivalents of (16) for
model 1 are:

t t t
x, B, = —0.0038 Y " SOI; + (—0.0275 > " NDVIy gy, +0.0169 > wNDVlggy)  (17)
=0

J=0 J=0

t t t t
Xy 1By s = —0.037) "IPy —0.127) "IP, +0.097 > IPs +0.0018) Temp  (18)
j=0 =0 =0 j=0

Figure 16 shows the resulting coefficient-weighted cunidatums of vegetation (NDV4; r prin-
cipal components), SOI, and the combined anthropogenipoaents (Il? to IP; and temperature
trend) for both models 1 and 2, together with the recordee lei/\CO,. The industrial production
components and temperature approximate the level of W€, marking a slight slow down in
the trend around 1991-1993. Both cumulative stationarypmmants vary over a small range so
contribute little to the long-run changes. Even though tlogleh is estimated in net inflows to
atmospheric carbon dioxide, in re-parametrized form it egplain the long-run trend—and at-
tributes it primarily to anthropogenic emissions. Thisnsoaitcome of the data analysis and is not
enforced.
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Figure 16: Level C@Qand cumulative sums of anthropogenic and natural factors
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7 Conclusions

We identified anthropogenic contributions to atmosphef @easured at Mauna Loa using an
automatic model selection algorithm. Traditionally, sstion of anthropogenic effects on car-
bon dioxide relied ora priori selection of variables, which may not be appropriate in desp
relations, low-frequency measures of anthropogenic eomssand decompositions of time se-
ries. UsingAutometricsin a general to specific modeling approach allows for modkcsien
with more variables than observations, stringent mis4fipation testing and a more agnostic way
of modeling complicated interactions. The algorithm islaggpto model changes in atmospheric
CO, controlling for natural as well as anthropogenic sinks aodrees withou@ priori restric-
tions of the determinants. While not completely robust tbahspecification, we find that natural
factors such as vegetation, temperature and Southernl@iscilare necessary, but not sufficient
in explaining variation of atmospheric GOIndustrial production components measured monthly
are highly significant and consistently selected in thenestted models. A higher proportion of
variation should be attributed to anthropogenic sourcas tias been previously the case in the
literature. Producing congruent models, our methodologpducesGetsmodeling throughAu-
tometricsas a useful tool in modeling complicated climate relatiopsh

References

Australian Bureau of Meteorology (2011). Southern ostdla index archive.
http://www.bom.gov.au/climate/current/soihtm1.shtml

Bacastow, R. B. (1976). Modulation of atmospheric carbaxidie by the southern oscillation.
Naturg 261, 116-118.

35



Bacastow, R. B., Keeling, C. D., and Whorf, T. P. (1985). $eat amplitude increase in at-
mospheric CO2 concentration at Mauna Loa, hawaii 1959-19irnal of Geophysical
Research90, 10,529-10,540.

Banerjee, A., Dolado, J. J., Galbraith, J. W., and Hendn§.[01993).Co-integration, Error Cor-
rection and the Econometric Analysis of Non-StationaryaD&xford: Oxford University
Press.

Bardsen, G., Hurn, S., and McHugh (2010). Asymmetric unegrpkent rate dynamics in Aus-
tralia. Creates research paper 2010-2, Aarhus UniveB#ymark.

Bontemps, C., and Mizon, G. E. (2008). Encompassing: Cdaaapd implementationOxford
Bulletin of Economics and Statistic&), 721-750.

Buermann, W., Lintner, B. R., Koven, C. D., Angert, A., Pinzd. E., Tucker, C. J., and Fung, I. Y.
(2007). The changing carbon cycle at Mauna Loa observaRnceedings of the National
Academy of Sciences of the United States of Ametg 4249-4254.

Campos, J., Ericsson, N. R., and Hendry, D. F. (2005). Esliiatroduction. In Campos, J.,
Ericsson, N. R., and Hendry, D. F. (edReadings on General-to-Specific Modelipgp.
1-81. Cheltenham: Edward Elgar.

Castle, J. L., Doornik, J. A., and Hendry, D. F. (2011a). Ha#ihg automatic model selection.
Journal of Time Series Econometrj&s(1), DOI: 10.2202/1941-1928.1097.

Castle, J. L., Doornik, J. A., and Hendry, D. F. (2011b). Ma#gection in equations with many
‘small’ effects. Discussion paper 528, Economics Depanti@xford University.

Castle, J. L., Doornik, J. A., and Hendry, D. F. (2011c). Mai#dection when there are multiple
breaks.Journal of Econometriggorthcoming.

Castle, J. L., and Hendry, D. F. (2011). Automatic selectbnon-linear models. In Wang, L.,
Garnier, H., and Jackman, T. (edsSystem Identification, Environmental Modelling and
Control, pp. 229-250. New York: Springer.

Castle, J. L., and Shephard, N. (eds.)(2009he Methodology and Practice of Econometrics
Oxford: Oxford University Press.

Chow, G. C. (1960). Tests of equality between sets of coefftsiin two linear regressionscono-
metrica 28, 591-605.

Christopher, S. L., Feely, R. A., Gruber, N., Key, R. M., LEg, Bullister, J. L., Wanninkhof, R.,
Wong, C. S., Wallace, D. W. R., Tilbrook, B., Millero, F. Jey, T. H., Kozyr, A., Ono, T.,
and Rios, A. F. (2007). The oceanic sink for anthropogeni@ C&zience305 367-371.

Clark, W. C. (ed.)(1982)Carbon Dioxide ReviewNew York: Oxford University Press.

Copin-Montigut, C. (1988). A new formula for the effect ofriperature on the partial pressure of
COz2 in seawatemMarine Chemistry25, 29-37.

Dickey, D. A., and Fuller, W. A. (1981). Likelihood ratio $igtics for autoregressive time series
with a unit root. Econometrica49, 1057-1072.

Doornik, J. A. (2008). Encompassing and automatic modelcsiein. Oxford Bulletin of Eco-
nomics and Statisti¢§0, 915-925.

Doornik, J. A. (2009). Autometrics. In Castle, and Sheph2a09), pp. 88-121.

Doornik, J. A. (2010). Econometric model selection with mweariables than observations. Work-
ing paper, Economics Department, University of Oxford.

36



Doornik, J. A., and Hansen, H. (2008). An omnibus test fovanate and multivariate normality.
Oxford Bulletin of Economics and Statistig®, 927—939.

Doornik, J. A., and Hendry, D. F. (200mpirical Econometric Modelling using PcGive: Volume
I. London: Timberlake Consultants Press.

Engle, R. F. (1982). Autoregressive conditional heterdasgcity, with estimates of the variance
of United Kingdom inflation. Econometrica50, 987-1007.

Enting, I. G. (1987). The interannual variation in the seasaycle of carbon dioxide concentra-
tion at Mauna LoaJournal of Geophysical Resear@®?, 5497-5504.

Erickson, D. J., Mills, R. T., Gregg, J., J. Blasing, T. J. fidf@ann, F. M., Andres, R. J., Devries,
M., Zhu, and Kawa, S. R. (2008). An estimate of monthly glaalssions of anthropogenic
CO2: Impact on the seasonal cycle of atmospheric CIdRrnal of Geophysical Research
113 -

Federal Reserve (2011). Industrial  production and capacittilization.
http://www.federalreserve.gov/releases/gl7

Francey, R. J., Tanis, P. P., Allison, C. E., Enting, I. G.,itl&h]J. W. C., and Trolier, M. (1995).
Changes in oceanic and terrestrial carbon uptake since MN88re 373 326-330.

Gerlach, T. M. (2011). Changes in oceanic and terrestridlorauptake since 198ZE0S, Trans-
actions, American Geophysical Unid@®, 201-202.

Godfrey, L. G. (1978). Testing for higher order serial ctatien in regression equations when the
regressors include lagged dependent varialitesnometrica46, 1303-1313.

Granados, J. A. T., lonides, E. L., and Carpintero, O. (20@9jhreatening link between world
economic growth and atmospheric CO2 concentrations. \WgrRaper.

Granados, J. A. T., lonides, E. L., and Carpintero, O. (201C)imate change and the world
economy: Short-run and long-run determinants of amtospkd2. Working Paper.

Groemping, U. (2007). Estimators of relative importancdéinear regression based on variance
decompositionAmerican Statisticiajb1:2, 139-147.

Hansen, J., and Lebedeff, S. (1987). Global trends of medsurface air temperaturdournal
of Geophysical Researct2, 13,345-13,372.

Hansen, J., Ruedy, R., Sato, M., and Lo, K. (2010). Globdhsertemperature changeeview of
Geophysics48, 2010RG000345.

Hansen, J., Russel, G., Rind, D., Stone, P., Lacis, A., Lefte8., Ruedy, R., and Travis, L.
(1983). Efficient three-dimensional global models for @ben studies: Models | and II.
Monthly Weather Reviev11, 609-662.

Hansen, J., Sato, M., Kharecha, P., Beerling, D., BernerMAsson-Delmotte, V., Pagani, M.,
Raymo, M., Royer, D. L., and Zachos, J. C. (2008). Target apheric CO2: Where should
humanity aim?The Open Atmospheric Science Jour2aR17-231.

Hendry, D. F. (1995)Dynamic EconometricgOxford: Oxford University Press.

Hendry, D. F. (2009). The methodology of empirical econaio@todeling: Applied econometrics
through the looking-glass. In Mills, T. C., and Patterson[X (eds.),Palgrave Handbook
of Econometricspp. 3—-67. Basingstoke: Palgrave MacMillan.

Hendry, D. F. (2011). Climate change: Possible lessonsdoifudure from the distant past. In
Dietz, S., Michie, J., and Oughton, C. (ed3he Political Economy of the Environmepp.

37



19-43. London: Routledge.

Hendry, D. F., and Johansen, S. (2011). The properties oehsaiiection when retaining theory
variables. Discussion paper, Economics Department, Wsityeof Copenhagen.

Hendry, D. F., Johansen, S., and Santos, C. (2008). Autorsel&ction of indicators in a fully
saturated regressiorComputational Statistics & Data Analysi33, 317—335.

Hendry, D. F., and Juselius, K. (2000). Explaining coinédigin analysis: Part IEnergy Journal
21, 1-42.

Hendry, D. F., and Krolzig, H.-M. (2003). New developmentsautomatic general-to-specific
modelling. In Stigum, B. P. (ed.[Econometrics and the Philosophy of Economjgs 379—
419. Princeton: Princeton University Press.

Hendry, D. F., and Krolzig, H.-M. (2005). The properties af@natic Gets modellingeconomic
Journal 115 C32-C61.

Hendry, D. F., and Mizon, G. E. (2011). Econometric modgllof time series with outlying
observationsJournal of Time Series Econometri&s(1), DOI: 10.2202/1941-1928.1100.

Hendry, D. F., and Richard, J.-F. (1989). Recent developsriarthe theory of encompassing. In

Cornet, B., and Tulkens, H. (edsQpntributions to Operations Research and Economics.
The XXth Anniversary of CORRBp. 393—-440. Cambridge, MA: MIT Press.

Hendry, D. F., and Santos, C. (2010). An automatic test oésapogeneity. In Watson, M. W.,
Bollerslev, T., and Russell, J. (edsvplatility and Time Series Econometrjqgg. 164—-193.
Oxford: Oxford University Press.

Hoffman, P. F., and Schrag, D. P. (2000). Snowball Ea8itientific Americaj282, 68—75.

Hofman, D. J., Butler, J. H., and Tans, P. P. (2009). A new lab&tmospheric carbon dioxide.
Atmospheric Environme3, 2084—-2086.

Johansen, S., and Nielsen, B. (2009). An analysis of theatoli saturation estimator as a robust
regression estimator. In Castle, and Shephard (2009) 436. 1

Jones, C. D., and Cox, P. M. (2005). On the significance of spineric CO2 growth rate anomalies
in 2002-2003Journal of Geophysical Resear@L, —.

Juselius, K., and Kaufmann, R. (2009). Long-run relatigpsbhmong temperature, CO2, methane,
ice and dust over the last 420,000 years: Cointegratiorysisadf the Vostok ice core data.
IOP Conference Series: Earth and Environmental Scigéce.

Kaufmann, R. K., Paletta, L. F., Tian, H. Q., Myeni, R. B., @&idrrigo, R. D. (2008). The power
of monitoring stations and a CO2 fertilization effect: Esicte from causal relationships
between NDVI and carbon dioxid&arth Interactions12, 1-23.

Kawa, S. R., Erickson, D. J., Pawson, S., and Zhu (2004). &62 transport simulations using
meteorological data from NASA data assimilation systdournal of Geophysical Research
109 D18312.

Keeling, C. D. (1973). Industrial production of carbon dotexfrom fossil fuels and limestone.
Tellus 25:2, 174-198.

Keeling, C. D., Bacastow, R. B., Brainbridge, A. E., Ekdabl,A., Guenther, J. P. R., and Wa-
terman, L. S. (1976). Atmospheric carbon dioxide variagiah Mauna Loa observatory,
Hawaii. Tellus 6, 538-551.

Keeling, C. D., Chin, J. F., and Whorf, T. P. (1996). Increhsetivity of northern vegetation

38



inferred from atmospheric CO2 measuremeiature 382 146-149.

Keeling, C. D., and Revelle, R. (1985). Effects of el ninatb®rn oscillation on the atmospheric
content of carbon dioxideMeteoritics 20:2, 437-450.

Keeling, C. D., Whorf, T. P., Whalen, M., and van der Plicht(1P95). Interannual extremes in
rate rise of atmospheric carbon dioxide since 198&ature 375 666—670.

Keeling, R. F., Piper, S. C., Bollenbacher, A. F., and Walged. (2008). Atmospheric co2 records
from sites in the sio air sampling network. In Trends: A Comgliam of Data on Global
Change. Carbon Dioxide Information Analysis Center, U.8p&tment of Energy, Oak
Ridge, Tenn., U.S.A. http://cdiac.ornl.gov/trends/@@bar.html

Kohimaier, G. H., Sire, E. O., Janecek, A., Keeling, C. Dpd?j S. C., and Revelle, R. (1989).
Modelling the seasonal contribution of a CO2 fertilizateffect of the terrestrial vegetation
to the amplitude increase in atmospheric CO2 at Mauna Loereatory. Tellus 41B, 487—
510.

Kruskal, W. (1987). Relative importance by averaging ovdedangs.American Statisticiaj41:1,
6-10.

Levin, I., Graul, R., and Trivett, N. B. A. (1995). Long-teiwbservations of atmospheric CO2 and
carbon isotopes at continental sites in Germdmjlus 47B, 23-34.

Lucht, W., Prentice, I. C., Myeni, R. B., Sitch, S., Friedjstein, P., Cramer, W., Bousquet, P.,
Buermann, W., and Smith, B. (2002). Climate control of thghHiatitude vegetation green-
ing trend and Pinatubo effecicience296, 1687-1689.

Marland, G., Boden, T. A., and Andres, R. (2011). Global,iorgl, and national fossil fuel
CO2 emissions. In Trends: A Compendium of Data on Global Geagarbon Dioxide
Information Analysis Center, Oak Ridge National Laborgt&f.S. Department of Energy,
Oak Ridge, Tenn., U.S.A. http://cdiac.ornl.gov/trends&overview.html

Marland, G., and Rotty, R. M. (1984). Carbon dioxide emissifsom fossil fuels: a procedure for
estimation and results for 1950-198llus 36B, 232-261.

Ministry of Statistics Government of India (2011). Index widustrial production (lIP).
http://mospi.nic.in/

Mizon, G. E., and Richard, J. F. (1986). The encompassingipie and its application to non-
nested hypothesis testsconometricab4, 657-678.

Myeni, R. B., Hall, F. G., Sellers, P. J., and Marshak, A. 199%). The interpretation of spectral
vegetation indexeslransactions on Geoscience and Remote Sen3tg, 481-486.

NASA Goddard Institute for Space Studies (GISS) (2011). S>$éBrface temperature analysis.
http://data.giss.nasa.gov/gistemp/

Nevison, C. D., Mahowald, N. M., Doney, S. C., Lima, I. D., \dar Werf, G. R., Randerson, J. T.,
Baker, D. F., Kasibhatla, P., and McKinley, G. A. (2008). @dution of ocean, fossil fuel,
land biosphere, and biomass burning carbon fluxes to sdasmhanterannual variability in
atmospheric CO2Journal of Geophysical Researciil3, —.

Newell, N. D., and Marcus, L. (1987). Carbon dioxide and peopSociety for Sedimentary
Geology 2:1, 101-103.

OECD (2011). Composite leading indicators: MEI. httpaistoecd.org/Index.aspx

Office of National Statistics (2011). Primary production.
http://www.statistics.gov.uk/hub/business-energy/

39



Orr, C. J., Maier-Reimer, E., Mikolajewicz, U., Monfray, Barmiento, J. L., Toggweiler, J. R.,
Taylor, N. K., Palmer, J., Gruber, N., Sabine, C. L., Le Qué&eKey, R. M., and Boutin, J.
(2001). Estimates of anthropogenic carbon uptake fromtfinee-dimensional global ocean
models.Global Biogeochemical Cycle$5:1, 43—60.

Randerson, T. J., Thompson, M. V., Conway, T. J., Fung, laNd Field, C. B. (1997). The
contribution of terrestrial sources and sinks to trendandeasonal cycle of atmospheric
carbon dioxide Global Biogeochemical Cycle$1:4, 535-560.

Ritschard, R. L. (1992). Marine algae as a CO2 sWater, Air and Soil Pollution64, 289-303.

Ruddiman, W. (ed.)(2005Rlows, Plagues and Petroleum: How Humans took Control ah@le
Princeton: Princeton University Press.

Salkever, D. S. (1976). The use of dummy variables to commaictions, prediction errors and
confidence intervalslournal of Econometricgl, 393—-397.

Schwarz, G. (1978). Estimating the dimension of a modehals of Statistics, 461-464.

Sims, C. A., Stock, J. H., and Watson, M. W. (1990). Infereimcénear time series models with
some unit rootsEconometricas8, 113-144.

Sundquist, E. T., and Keeling, R. F. (2009). The Mauna Lohdaadioxide record: Lessons for
long-term earth observation&eophysical Monograph Series33 27-35.

Taguchi, S., Murayama, S., and Higuchi, K. (2003). Serngjtnf inter-annual variation of CO2
seasonal cycle at Mauna Loa to atmospheric transpeltus 55B, 547-554.

Tans, P., and Keeling, R. (2011). Mauna Loa, monthly meanbarar dioxide.
Scripps Institution of Oceanography. (scrippsco2.uckd)e and NOAA/ESRL
http://www.esrl.noaa.gov/gmd/ccgg/trends/

Thoning, K. W,, and Tans, P. P. (1989). Atmospheric carbaxide at Mauna Loa observatory
2. Analysis of the NOAA GMCC data, 1974-1983ournal of Geophysical Researcdd,
8549-8565.

Troup, A. J. (1965). The ‘Southern OscillatiorQuarterly Journal of the Royal Meteorological
Society 91, 490-506.

Tucker, C. J., Pinzon, J., Brown, M., and GIMMS/GSFC/NASA1Q). ISLSCP Il GIMMS
Monthly NDVI, 1981-2002. In Hall, Forrest G., G. Collatz, Bleeson, S. Los, E.
Brown de Colstoun, and D. Landis (eds.). ISLSCP InitiativeCbllection. Data set.
http://daac.ornl.govitom Oak Ridge National Laboratory Distributed Active Anat Cen-
ter, Oak Ridge, Tennessee, U.S.A.

White, H. (1980). A heteroskedastic-consistent covagameatrix estimator and a direct test for
heteroskedasticitfeconometrica48, 817-838.

Wigley, T. M. L. (1983). The pre-industrial carbon dioxide€l. Climate Changge5, 315-320.

Worrell, E., Price, L., Martin, N., Hendriks, C., and MeidaO. (2001). Carbon dioxide emissions
from the global cement industryAnnual Review of Energy and the Environme& 303—
329.

40



