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ABSTRACT  

Here we present three methods in concert for the attribution of extreme weather and climate 

events. The first method uses an initialised climate prediction system, and can attribute the 

degree of influence from increasing levels of atmospheric carbon dioxide (CO2) on an extreme 

event. The second method again uses the initialised climate prediction system to identify 

whether the over-riding signal that led to the extreme event was derived from the ocean, 

atmosphere or land surface. The initial-value nature of the two methods allows little time for the 

growth of model-driven biases, while allowing the full coupled response of the ocean–

atmosphere–land system. The third method uses a regression analysis to statistically attribute 

causes of the event to large-scale climate drivers such as the El Niño Southern Oscillation 

(ENSO), the Southern Annular Mode (SAM) and the Indian Ocean Dipole (IOD), and some 

underlying surface conditions such as antecedent local soil moisture and global mean 

temperature. Using these three methods together allows for a comprehensive description of the 

event, and more complete attribution. To illustrate the use of these methods, we investigate the 

causes of two recent month-long record heat events that occurred in October 2014 and 2015 

over Australia. We find that relative to the climatology with CO2 level of 1960, at least half of 

the heat anomaly forecasted across Australia in the two events can be attributed to global 

warming associated with increased CO2. In both cases the remainder is mostly due to natural, 

internally generated atmospheric circulation anomalies. Application of the three methods 

together can provide better estimates of the relative contribution of natural variability and 

increases in the level of CO2 to individual weather or climate extreme events. 
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1. INTRODUCTION 

Extreme weather and climate-related events are of great concern to both the public and policy 
makers. When an extreme event occurs, especially record events, scientists are often challenged 
to explain possible links between the event and human influences on the event as a result of 
increased greenhouse gas emissions. Although the Fifth Assessment Report (AR5) of the 
Intergovernmental Panel on Climate Change (IPCC) concluded that ‘many extreme weather and 
climate events have been observed since about 1950’ (Bindoff et al. 2013), the field of extreme 
event attribution (event attribution) is still in its early stage. 

Event attribution studies seek to answer whether anthropogenic climate change has altered the 
likelihood or the magnitude of a particular extreme event. Such information would be 
immensely beneficial for risk management and adaptation planning. Extreme events can occur 
on a wide range of temporal and spatial scales. Here we focus on Australia-wide month-long 
heat extremes. In Australia heat extremes are the most important natural hazard in terms of lives 
lost (Coates 1996).  

One method of event attribution is to assess how the probability of occurrence of an event has 
been altered by emissions (Stott et al. 2013).  This method centres on formalised attribution 
approaches that quantifies the change in likelihood of extreme temperatures that can be linked 
to anthropogenic forcings, such as increasing greenhouse gases (Lewis and Karoly 2013, 2014). 
By running climate model simulations with the current external anthropogenic climatic forcing 
versus that with past forcings, we can estimate the change in probability for the occurrence of 
an extreme event resulting from the change in forcing. Examples of event attribution using this 
method include 2003 European heat wave (Stott et al. 2004; Christidis et al. 2012), floods in 
England in 2000 (Pall et al. 2011), and  the 2010 Russian heatwave (Dole et al. 2011). 
 
Similar event attribution for Australia has been carried out on various Australia-wide 
temperature events using Coupled Model Intercomparison Phase 5 (CMIP5) detection and 
attribution experiments (Taylor et al. 2012). These studies demonstrate a substantial 
anthropogenic influence on the likelihood of recently observed seasonal and annual Australian 
mean and maximum temperatures (e.g., Lewis and Karoly 2013, 2014; King et al. 2014; Perkins 
et al. 2014). A similar study also showed that anthropogenic influences significantly increased 
the risk of experiencing month long heat waves such as those observed in May 2014 (Perkins 
and Gibson 2015). 

The above method provides useful likelihood statement regarding anthropogenic impact on 
climate extremes. However, there are some limitations with the method. One limitation is that 
this method tends to emphasize more on how greenhouse forcing changed the probabilistic 
occurrence of one type extreme event and less on detailed mechanisms and the particular 
climate states that caused the event. The mechanism and circulation aspects are important if we 
want to examine different influence on the event by anthropogenic climate change and by 
natural climate variability. The event specific information with separate estimation of 
anthropogenic and natural variability contributions can provide insight into the capability to 
predict future events, especially if they are tied to highly predictable climate variations such as 
El Niño. Another limitation is that the models that are used to produce the likelihood statement 
usually suffer from model biases. These biases adversely affect the model's ability in simulating 
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extreme events with right causes. Reducing model biases and improving simulation of both the 
event and the associated circulation in coupled climate models require long term research 
efforts, but in the meantime these limitations need to be factored into the interpretation of the 
results.  

To better meet the demand for event attribution, a number of methods have been developed 
aiming to address the above issues. One approach is to use Atmospheric Model Intercomparison 
Project (AMIP) style simulations to compare simulated events in the current climate and in a 
natural climate. Although this method may achieve reduced model biases by prescribing sea 
surface temperature (SST), there is uncertainty in estimating SST for the non-anthropogenic 
world (Pall et al. 2011; Christidis et al. 2013).  Another approach is to use dynamical seasonal 
forecast framework to generate retrospective forecasts (hereafter forecasts) initialized from 
observed climate states, with uncertainty sampled by running multiple ensembles. If the 
forecasts are conducted over multiple decades, we can compare characteristics of one type of 
extreme event in the forecasts taken from the early period to that from the later period.  Such 
comparison can provide insight into how anthropogenic influences have changed the 
characteristics of that type of event in the absence of significant SST biases, because the models 
are initialized with realistic SST (Weaver et al. 2014). However the interference of low 
frequency natural variability cannot be categorically excluded from the attribution with this 
approach.  
 
Here we describe a new method for event attribution that is based on using a coupled 
operational climate prediction system, the Predictive Ocean Atmosphere Model for Australia 
(POAMA). This method is in concept similar to the "Historical" and "HistoricalNat" 
experiments in CMIP5 (Taylor et al. 2012) but our method can show the impact of 
anthropogenic forcing to the prediction of an actual event with associated large-scale oceanic 
and atmospheric circulations. Specifically we run an event forecast twice: one is equivalent to 
"Historical", with the  forecast initialized with realistic climate states and forced with realistic 
CO2 concentration, and another is similar to "HistoricalNat", i.e., forecasts initialized with 
"natural world" climate states forced with "natural world" CO2. Here we only consider CO2 
forcing difference between the two worlds; therefore the "natural world" will be indicated as 
low CO2 world hereafter.  

With this method, one critical element is how to define initial conditions for the low CO2 world. 
We have developed an approach of estimating "low CO2 world" climate states with POAMA. 
We will show the application of this method to event attribution alleviates some of the model 
biases issue discussed above. It also reduces the interference of internal decadal mode on event 
attribution, as there is no need to use multiple decades of forecasts with our method.  

The extreme events we choose to test our method with are the two record-breaking heat events 
across Australia that occurred in successive Octobers in 2014 and 2015.  According to the report 
of Bureau of Meteorology and CSIRO (2016), the observed Australian average temperatures 
have warmed by around 1°C since 1910, with most warming since 1950. In recent decades there 
has been an increase in maximum temperature records and fewer minimum temperature records 
(Lewis and King 2015). In the past two years (2014 and 2015) Australia experienced record-
breaking October maximum temperature (Fig. 1). Using theoretical arguments, if the climate 
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was stationary during 1910-2015 the chance of successive records occurring at years 2014 and 
2015 would be less than one in 11,000 (Rahmstorf and Coumou 2011).This exceptionally low 
probability suggests that the warming trend since 1910 is extremely likely to have contributed to 
the recent record heat events in 2013 and 2014 across Australia (Gallant and Lewis 2016). 

In the following, the datasets used are described in section 2; a brief outline of the climate state 
during the two extremely warm Octobers are given in Section 3. It is necessary to describe the 
events before the methods as describing the attribution resulting from each method provides the 
best illustration of the method. A description of the POAMA seasonal prediction system is 
given in section 4. The detailed procedure of deriving low CO2 world initial conditions and its 
application with POAMA to the two recent month-long record heat extremes over Australia 
(Fig. 1) are given in Section 5. Two additional methods that address roles played by internal 
variability on the two events are examined in Section 6. Summary and discussion are given in 
Section 7. 

2. DATA SETS 

We primarily use Australian average maximum temperature (Tmax), denoted by T , as an 
indicator of extreme heat severity, a common practice in event attribution study, e.g. Lewis and 

Karoly (2013) and Weaver et al. (2014). The observed T  time series displayed in Fig. 1 is 
provided by the Bureau of Meteorology and is calculated using ACORN-SAT dataset (Trewin 

2012). In the diagnostics presented below we calculate T  from the Australian Water 
Availability Project (AWAP) dataset (Jones et al. 2009). Global sea surface temperature (SST) 
data is from NOAA optimum interpolation SST, version 2 (OISST2) (Reynolds et al. 2007). 
Global mean sea level pressure (MSLP) and pressure level winds are taken from the European 
Centre for Medium-Range Weather Forecast (ECMWF) interim reanalysis (Dee et al. 2011). 
Two soil moisture data sets are used. One is from the Atmosphere–Land Initialization (ALI) 
output (see next section and Hudson et al. 2010) and the other from AWAP (Raupach et al. 
2009). The AWAP soil moisture data only covers Australia. We use the upper-layer soil 
moisture as this layer responds to forcing on monthly and seasonal time scales (Raupach et al. 
2009).  

Prior to analysis all these datasets were re-gridded to the POAMA model grids (approximately a 
250-km grid) so that consistent comparison between observation and forecasts could be made. 
Anomalies are defined as deviations to the base period 2000-2014 mean. The main reasons for 
using the recent 15 years to represent the present climate conditions include 1) the observed 
CO2 level in this period is substantially different from that in previous period so that the CO2 
impact over the last 50 years on extreme events can be assessed, and 2) the influence of natural 
variability on the same type of the extreme can be approximately established using data within 
the base period. 

Indices of the large-scale climate drivers, which are known to be important for Australian 
climate, are also assessed. El Niño–Southern Oscillation (ENSO) is represented by Nino3.4 
(SST average over 5°N–5°S, 170°–120°W), The Indian Ocean Dipole is represented by the 
Dipole Mode Index (DMI, SST difference between the western pole (10°S–10°N, 50°–70°E) 
and the eastern pole (10°S–0°, 90°–110°E); Saji et al. 1999). The Southern Annular Mode 
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(SAM) is monitored by the difference of the normalised zonal-mean MSLP anomalies at 40 °S 
and 65°S, following the definition of Gong and Wang (1999).  

3. DESCRIPTION OF THE EXTREME HEAT OF OCTOBER 
2014 & 2015 

Australia experienced its warmest October monthly mean daily Tmax on record in year 2014 
and again in 2015 (Fig. 1).  

 

Fig. 1 Observed mean Australian October maximum temperature anomalies (°C, relative to 
1961–1940) during 1910 to 2015. Data are from ACORN-SAT (Trewin 2012). Image 
sourced from the Bureau of Meteorology at http://www.bom.gov.au/climate/change 

Figure 2 shows the anomalies of October Tmax and September soil moisture over Australia for 
2014 and 2015. The Tmax anomalies in the two years show a pattern similar in spatial 
characteristics with their maximum located in south and southeast Australia. Although both are 

record events, the Australian averaged Tmax ( ) in 2015 is larger than that in 2014 by a 
large margin (2.3°C versus 1.6°C) relative to 2000-2014. Soil moisture in precedent month of 
September in both years shows continental scale dryness with local maximum in southeast 
Australia. 
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Fig. 2 Top row: Tmax anomalies (°C) from AWAP over Australia for October 2014 (left) and 
2015 (right). Bottom row: Soil moisture anomalies (mm) from ALI for September 2014 
(left) and 2015 (right). Anomalies are relative to 2000-2014 

The global climate state during October 2014 and 2015 is shown in Fig. 3 for SST, MSLP and 
wind at 850 hPa and 200 hPa. The SST anomalies are very different in 2014 compared to 2015, 
mainly in the tropical Pacific. A strong El Niño was developing in October 2015 with Nino3.4 
being 2.4°C compared to a weak sustained warm condition in October 2014 with Nino3.4 being 
0.4°C. Over the Indian Ocean warm SST anomalies are seen from tropical to subtropical in both 
years, again warmer in 2015. The Indian Ocean DMI is 0.06°C in 2014 and 0.62°C in 2015. 
Despite the large differences in the tropical Pacific, the SST anomalies surrounding Australia in 
the two years are quite similar. Warm SST anomalies were present everywhere around Australia 
except to the northeast and north.  
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Fig. 3 Global anomalies of: (from top) SST, MSLP, winds at 850 hPa and 200 hPa for October 2014 
(left) and 2015 (right). Anomalies are relative to 2000-2014. 
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For MSLP there are signatures of stationary Rossby waves in the midlatitudes of both 
hemispheres partially as a response to warm SST anomalies over the tropical Pacific and Indian 
Oceans in both years. Over Australia high pressure anomalies exist in both years despite the 
ENSO and IOD forcings being weaker in 2014. The SAM index is positive in both years (0.51 
in 2014 and 0.03 in 2015). The wind anomalies at 850 hPa are predominately northeasterly 
which promotes warm air advection from inland towards southern part of Australia and prevent 
cold air from the southern ocean in both years. Wind anomalies at 200 hPa show a baroclinic 
structure in the tropics (particularly Pacific) and barotropic structure in the midlatitudes 
(particularly in the Southern Hemisphere). 

Intraseasonal disturbance Madden-Julian Oscillation (MJO) has the greatest impact on extreme 
heat occurring over southern Australia in spring during phases 2–3 (Marshall et al. 2013). The 
observed MJO was active over Indian Ocean (phase-2) during later October 2015 but was not 
active in those phases during October 2014 (figure not shown).  

The observed estimates of large scale ocean, atmospheric circulation and land conditions prior 
and during October 2014 and 2015 share many characteristics of heatwave conductive climate 
drivers in common as described by previous studies (Pezza et al. 2012; Perkins et al. 2015; 
Arblaster et al. 2014). 

4. POAMA COUPLED MODEL SEASONAL PREDICTION 
SYSTEM 

POAMA is an atmosphere and ocean coupled-model forecast system (Wang et al. 2005). The 
atmospheric component of POAMA is the BoM’s Atmospheric Model version 3 (BAM3; 
Colman et al. 2005), which has ~250 km horizontal resolution on 17 vertical levels. The land 
surface component of BAM3 is a simple bucket model for soil moisture with a field capacity of 
150 mm (Manabe and Holloway 1975) and has three active soil layers for temperature. The 
ocean component of POAMA is the Australian Community Ocean Model version 2 (ACOM2; 
Schiller et al. 2002), which is based on the GFDL modular ocean model (MOM2; Pacanowski 
1996) and has a zonal resolution of 2° longitude and a telescoping meridional resolution of 0.5° 
equatorward of 8° latitude, gradually increasing to 1.5° near the poles. ACOM2 has 25 vertical 
levels, with 12 levels in the top 185 m and a maximum depth of 5 km. 

POAMA2 forecasts are initialised with realistic atmosphere, land and ocean conditions that are 
generated from separate atmosphere/land surface, named ALI (Hudson et al. 2010) and ocean 
(Yin et al. 2011) data assimilation systems. Perturbed initial conditions are provided for 
forecasts using a coupled breeding technique; these are required to sample forecast uncertainty 
due to sensitivity to initial condition errors (Hudson et al. 2013). Sea-ice and ozone are set to 
climatological values. The CO2 concentration used for the operational forecasts is fixed at 345 
ppm, commensurate with levels in about 1985. Most of the impacts of long-term changes in 
CO2 will be contained in the initial conditions. We use the e24a version of POAMA for the 
forecast experiments conducted in this study. For a given start date forecasts are run with 11 
members. Forecast anomaly is defined as its deviation relative to forecast climatology. No other 
bias correction has been used. 

POAMA has statistically significant skill in predicting spring season extreme heat over most of 
Australia at lead times of 2-3 weeks (White et al. 2013). POAMA also shows skill at predicting 
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the drivers of heat extremes such as the SAM, persistent anticyclones over the Tasman Sea, and 
the MJO (Marshall et al. 2013). This capability would benefit results of event attribution using 
POAMA as presented in this paper.  

5. ATTRIBUTION OF IMPACT FROM CO2 

5.1 Outline 

Seasonal prediction is an initial value problem; any future weather and climate will be 
determined by the initial conditions that are used to initialize forecasts with a climate model. 
CO2 impact comes to play in the model as a given parameter, either a constant or varying as per 
experiments. Our event attribution experiments are based on running parallel forecasts 
initialized with real world and ‘natural’ or ‘low CO2’ world initial conditions with 
corresponding CO2 concentrations. 

We denote forecasts initialized with real world conditions as Control (short named Contl). The 
initial conditions at a given time t can be expressed as , where subscript c indicates Contl. 
The real world initial conditions describe a best estimate of observed states of ocean, land and 
atmosphere at time t. For convenience, 	is expressed as follows: 

                                                              (1) 

where O, A and L represent ocean, atmosphere and land, respectively. We choose the recent 
fifteen years (2000-2014) to represent the present climate conditions. We run Contl forecasts 
using realistic initial conditions over this period to establish Contl climate from which 
climatological means and other statistics can be determined. 

An attribution study can be conducted by comparing Contl forecasts with alternative forecasts 
corresponding to a counterfactual ‘low CO2’ world in which CO2 concentration had not changed 
since a previous baseline period. The low CO2 world forecasts can be run if we can derive an 
altered set of ocean, atmosphere and land initial conditions that are consistent with the climate 
with a baseline level CO2. We use 1960 as the baseline as the earliest analysed ocean initial 
condition for POAMA is from 1960. We note the reason behind the choice of 1960 in the next 
section. We denote forecasts initialized with the low CO2 world conditions as Previous (short 
named Prevs). We denote Prevs initial conditions as , where subscript p indicates Prevs. 

As above 	can be expressed as 

                                                       (2) 

For each of ocean, atmosphere and land initial conditions in (1) and (2), we can further 
decompose them into climatological mean and anomalies. We use ocean component as an 
example (same applies for atmosphere and land components) to demonstrate this: 

               (3a) 

               (3b) 

Where the overbar and prime refer to climatological mean and anomaly, respectively. In (3) we 
have assumed the impact of greenhouse gases forcing is retained in climatological means only 
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(i.e. the anomaly does not change in the two climates). This assumption appears valid as we will 
focus on one month forecasts whose variability will be heavily influenced by initial conditions. 

To determine the low CO2 world initial condition  we only need to know the mean 

differences between Contl and Prevs initial conditions. This can be seen by rearranging (3b) as  

 	 	 	 	 	      

 (3c) 

Where  

          (4a) 

represents the mean ocean initial condition difference induced solely by changing greenhouse 
gases from a lower baseline level to the present actual higher level. Similarly we have 

̅ ̅           (4b) 

          (4c) 

In the following we will show a procedure through which each mean difference in (4) can be 
estimated using POAMA system. Once the mean differences in initial conditions (4) are all 
known, the low CO2 world initial conditions are prepared by the combination of the mean 
differences and the perturbations, with which Prevs forecasts can be made. By analysing 
forecasts for a specific extreme event in the two worlds both the CO2 impact and the natural 
variability influence on the event can be assessed simultaneously. 

5.2 Estimate of the Mean Initial Condition Differences 

A challenge in applying the above method is how to estimate the mean difference in initial 
conditions of ocean, land and atmosphere between present world climate and the "low CO2 
world" climate. The most common method is to use existing attribution experiments such as 
from CMIP5. For instance, the SSTs used to force AGCMs in event attribution studies of Pall et 
al. (2011) and Christidis et al. (2013) were estimated from Historical and HistoricalNat 
simulation experiments in CMIP5. However there are substantial differences in the SST fields 
obtained using different models. Moreover, soil moisture simulation over land is highly model 
dependent, making it difficult for this variable to be used in attribution study in different 
models. For ocean variables interpolation across varying bathymetry from one ocean model to a 
different ocean model poses significant challenge to maintain internal ocean dynamical balance. 
Here we use POAMA model to derive all the difference components, thus the above difficulties 
can be mostly avoided. 

The mean ocean difference DOcean is derived first. The oceans absorb a large proportion of the 
heat gained in response to external CO2 forcing, and evolves slowly. To estimate the mean 
ocean state for the present and natural climates, we run the POAMA model in freely coupled 
climate mode with CO2 concentration set at present (400ppm, equivalent to 2015) or previous 
(315ppm, equivalent to 1960) levels, respectively. No other radiative forcing agents were 
altered due to the limited scope for altering such factors in the POAMA. To minimise the 
impact of the decadal varying background state, two sets of observed initial conditions were 
used, a decade apart, for the recent conditions (2000 and 2010) and the 1960s conditions (1960 
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and 1970). Each of the four integrations was run for 30 years. Test shows the year to year 
change in the global mean top 300 m ocean heat content becomes quite small near the end the 
integrations (figures not shown). The mean difference of ocean initial conditions for each month 
is obtained by subtracting the average of the two runs with low CO2 from the average of the two 
runs with high CO2 over the last five years of the 30 years. This difference defines DOcean, which 
represents the ocean's response to CO2 increase since 1960.  

As mentioned before we choose 1960 as baseline because the earliest analysed ocean initial 
condition for POAMA is from 1960. Other attribution methods (e.g., King et al. 2014) use 
greenhouse gas levels from a pre-industrial baseline. 

The pattern of SST difference in DOcean is shown in Fig. 4a. Although POAMA suffers from a 
cold mean ocean state bias (e.g. Lim et al. 2009) and was only forced with varying CO2, the 
SST difference pattern is similar to the CMIP5 modelled trend component attributed to the 
historical change of GHG over the last century (Bindoff et al. 2013; Pall et al. 2011), with 
greatest warming near the equator across the Pacific Ocean and in the north of each ocean basin 
and less warming in the Southern Ocean. The similarity between the CMIP5 results and the 
POAMA result suggests that the influence from other radiative forcings such as aerosols or the 
ozone hole on this pattern of warming is small. The pattern of sub-surface change in POAMA 
from the top 300m (not shown) is similar to the results of 2xCO2 experiments such as Dinezio et 
al. (2012). The anthropogenic driven change in SST, which is likely model dependent, agrees 
well with the mean change depicted in CMIP5 models (Bindoff et al. 2013). We thus conclude 
that the pattern shown in Fig. 4a is a reasonable estimate of anthropogenically driven changes in 
SST over the past 50-60 years. 

 

Fig. 4 Mean October initial condition differences in (a) SST (representing ocean), (b) soil 
moisture (representing land) and (c) zonal mean temperature in the atmosphere 
(representing atmosphere) due to CO2 increase from 315ppm to 400ppm. 



 

Page    12 
 

Using the above long simulation to derive the mean land condition difference appears 
problematic. For example, Australian rainfall tends to be anomalously high as the oceans drift to 
a colder state in the long simulation. The high rainfall leads to very high soil moisture. If we 
derive the land component DLand from the long simulation as for DOcean, the resulting soil 
moisture difference is too large to be used by POAMA model. To overcome this problem we 
use a different method that minimizes the impact of SST drift on soil moisture.  

A previous study suggests that soil moisture responds to atmospheric circulation on monthly to 
seasonal time scales (Raupach et al. 2009). Using two observationally-based soil moisture 
datasets from ALI and AWAP we calculated the autocorrelation of Australian average monthly 
soil moisture time series. The result shows that there is little persistence beyond two months in 
both datasets (Fig. 5). This confirms that soil moisture responds to atmospheric circulation 
changes in months, consistent with (Raupach et al. 2009). Based on this conclusion, we derive 
DLand as the mean difference of land fields in restart files valid at the end of two month forecasts 
between Contl and PrevsO experiments (see Table 1 for experiment configuration details). The 
PrevsO experiment is same as Contl except the oceans are initialized from Op (3b) and CO2 
level set at 315 ppm. 

Table 1 Coupled model seasonal forecast attribution and sensitivity experiments described in 
the text and their CO2 forcing, initial conditions configuration. The attribution 
experiments include control (Cntl), low CO2 world (Prevs) and ocean only low CO2 world 
(PrevsO). Refer to equation (2) in the text for definition of initial conditions Op, Lp and 
Ap. Attribution climate forecasts are initialized on 01 Oct 2000 to 2014. The attribution 
and sensitivity forecast experiments for the two events are initialized on 25, 28 
September,1 October 2014 and 24, 27 September, 1 October 2015. 

Attribution forecast experiment 
 CO2 level Ocean IC Land IC Atmosphere IC 
Contl Real* Observed Observed Observed 
PrevsO 315ppm Op Observed Observed 
Prevs 315ppm Op Lp Ap 
 
Sensitivity forecast experiment 
 CO2 level Ocean IC Land IC Atmosphere IC 
Random ocean Real* Selected one 

member from one 
year in 2000-2014 
for each start date 

Observed 2014 or 
2015 

Observed 2014 or 
2015 

Random land Real* Observed 2014 or 
2015 

Selected one 
member from one 
year in 2000-2014 
for each start dates 

Observed 2013 or 
2014 

Random atmos Real* Observed 2014 or 
2015 

Observed 2014 or 
2015 

Selected one 
member from one 
year in 2000-
2014 for each 
start dates 

*observed global mean CO2 values used. 

Some further details for deriving DLand valid at 1 October are given below. In PrevsO 
experiment the land and atmospheric general circulation are started from the true initial 
conditions and the ocean started from the low CO2 world initial condition on 1 August (Table 
1).  With time, the land and atmosphere will adjust towards a new equilibrium state consistent 
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with the low CO2 world ocean and lower CO2 forcing. At the end of two month integration, the 
restart files valid at 1 October were saved. The restart files serve as new initial conditions for 
continuing integration if needed. These two month forecast are done for every year from 2000 
to 2014. We then conduct the same two month forecasts but using Contl configuration. The 
average difference of land fields in the restart files valid at 1 October between the Contl and 
PrevsO forecasts defines DLand. 

Figure 4b shows global soil moisture difference in DLand. There are drying differences over 
Siberian to East Asia, sub-Saharan Africa and North America and southeast Australia. These 
spatial differences can be considered approximately as the soil moisture response to the 
changing CO2 in the past 50 years. These changes in soil moisture are the results of atmospheric 
circulation responding quickly to the different ocean initial state. The direct impact of CO2 
change on atmosphere and land is quite small (Hope et al. 2015). Although it is difficult to 
verify our results with in situ observation, we find the sign of change in soil moisture in DLand is 
qualitatively similar to surface soil moisture trend in reanalyses and remote sensing date sets 
(Albergel et al. 2013).  

We have tested three different length of adjustment time of one, two and three months for land. 
This is equivalent to run forecast initialized from 01 Sep, 01 Aug and 01 Jul, respectively, and 
all finish at 1st October. The three estimates of land condition difference show soil moisture 
adjustment occurs mostly within the first two months, consistent with the observational 
evidence for Australia (Fig. 5). We therefore choose two months as the optimal length for land 
adjustment. 

 

Fig. 5 Autocorrelation of monthly soil moisture from ALI (red) and from AWAP top layer 
(black). Data from 1982 to 2014 are used. 

Atmospheric variables (temperature and humidity) adjust to the altered oceans in less than a 
month (e.g., Lim and Hendon 2015a). We thus derive the atmosphere difference DAtmos in the 
same manner as for DLand above. Fig. 4c shows the zonal mean latitude and height section of 
atmospheric temperature initial condition mean difference. It shows a warming in most of the 
troposphere up to the lower stratosphere, and cooling above. The change pattern in the 
atmosphere due to CO2 is similar to that derived from CMIP5 models (Collins et al. 2013). 

The above method provides a practical way of estimating climate state in initial conditions for a 
hypothetical 'natural' world using observed climate of recent 15 years and a seasonal forecast 
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system. Also a novel method has been developed to estimate low CO2 world land initial 
condition by using short lead forecasts with the aim to minimize impact of coupled climate 
model drift. 

5.3 Attribution of climatology 

To develop baseline climates representative of the current and low CO2 environment, two 
climatologies were produced using Contl and Prevs experiments. Details of the forecast 
experiments are given in Table 1. 

We run Contl forecasts on the 1st of October for the recent 15 years (2000-2014) to create 
forecast climatology for the real world. The Contl forecasts were initialized with observed 
atmosphere, ocean and land states generated from the POAMA data assimilation schemes as in 
the real-time operational system. These forecasts were initialized on 01 October with 11 
members and run for a month each year over the 15 years, producing an ensemble of 165 
October monthly mean forecasts. The CO2 concentration was set to the observed global mean 

values from 370 ppm in 2000 increasing to 400 ppm in 2014. The  from each October 
member forecast is used to produce a histogram as shown by solid pink bars in Fig. 6.  The 

ensemble climatological mean of October  for Contl is 30.5°C, very close to the observed 

value of 30.4°C. The correlation between observed and forecast  ensemble mean anomalies 

over the 15 years is 0.84 (p<0.01), suggesting POAMA has skilful forecast of  at this lead 
time. 

 

Fig. 6 October  climatology distribution during 2000-2014 from observations (grey bars), 
and the climatology estimated using 11 member October forecasts for the current 
climate (pink solid bars) and the low CO2 climate of 1960 (light blue solid bars). The 
climatology means are shown in dashed vertical lines: black for observations, red for 
current and blue for low CO2. The October 2015 event distribution is estimated with 33 
member forecasts for current (red open bars) and low CO2 (blue open bars) climates. 
The observed event in October 2015 is shown by the top black dot, with the event 
forecast ensemble means for current in red and low CO2 in blue. The  observation 
and its forecast ensemble means for the previous record event in October 2014 are also 
shown below the 2015 dots. The short bars crossing the forecast ensemble mean 
indicate the 5-95% uncertainty range. X-axis tick indicates bin centre temperature with 
bin width of 0.5°C.  
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The corresponding forecast climatology for the low CO2 world can be obtained by running the 
Prevs experiment. In the Prevs experiment initial conditions of all three components of ocean, 
land and atmosphere are modified from those used in Contl according to (1) – (4) and a fixed 
value of 315ppm for CO2 is used during the forecasts. We conduct the Prevs forecasts and 

calculate forecast climatology over 2000-2014 in the same way as in Contl. The   
histogram using 165 members from Prevs, representing its climate distribution in the low CO2 

world, is shown by solid blue bars in Fig. 6. The ensemble mean  climatology for October 
is 29.5°C, 1.0°C colder than that from Contl.  

The observed   histogram using only 15 years of data is shown by solid grey bars in Fig. 6. 

Despite a small number of samples we can see the distribution of the observed   is closer to 
that from Contl (solid pink bars) than from Prevs (solid blue bars). As a result, the 
climatological mean from the observation and Contl are also very close (see above). 

We now examine  variability in observations and in simulations of the control and low 

CO2 world. The observed standard deviation (STDDEV) of  is 1.2°C, marginally higher 
than that from Contl (0.9°C) and Prevs (1.0°C) estimated from using ensemble members. If we 

estimate the forecast T  STDDEV using ensemble mean the value is reduced (0.7°C in both 
Contl and Prevs).  

To test the significance of changes in mean and variability of T  from Prevs to Contl forecast 
cliamtologies, we applied the Student t-test and nonparametric Kolmogorov–Smirnov (K-S) test 
on the mean difference and F-test on the variance difference. The results show that the 1.0°C 
warming in the mean due to CO2 increase is significant (p<0.01) with both t test and K-S test 
but the variance change is not (p>0.7) with F-test. This suggests the distribution of Australia 
average October maximum temperature during 2000-2014 has shifted towards warmer direction 
by 1.0°C with little change in distribution shape in the real world compared with that in the low 
CO2 world, and the shift is extreme likely (>95%) caused as a result of CO2 increase since 1960. 
The conclusions are the same either using members or ensemble means as samples in the tests. 

If we use the above estimated T  statistics as parameters and apply them in a Normal 

distribution model, we can estimate the probability of  T  being or greater than a given 
threshold for the extreme. We use the second warmest record ensemble mean forecast of 
31.37°C for October 2013 as the threshold. Selection of the second record as threshold reduces 
the selection bias and avoids noise at the extreme tail (Lewis and Karoly 2013). The second 
warmest record in observation occurred in October 2014 which has not been maintained in 
forecast (see below). The probability of an extreme event occurring at or greater than this 
threshold will increase by approximately eightfold (2.3% in the low CO2 world to 18% in the 
real world). Our result is close to the FAR value result estimated using CMIP5 models all 
forcing simulation in 2006 to 2020 compared with natural forcing simulation in 1850 to 
2005(Lewis et al. 2014), suggesting there is a general eight times increase for all years 
nowadays. 

The above attribution experiments suggest Australia mean October Tmax over the recent years 
2000-2014 has warmed by 1°C compared to a world if CO2 increase since 1960 had not 
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occurred. This is similar to the actual warming that has been observed (Hope et al. 2016). The 
CO2 increase in the past 50 years is extremely likely to have caused warming in mean Tmax 
over Australia [indicating >95% probability as used in IPCC assessment reports (see 
Mastrandrea et al. 2010)]. 

5.4 Attribution of event 

We now conduct event attribution forecasts for the two extreme heat events in Octobers 2014 
and 2015.  The event forecasts were initialized from three start dates, 25, 28 September and 1 
October for 2014 and 24, 27 September and 1 October for 2015, producing 33 members for 
each event. Using three starts for the events is to increase the number of ensemble members. 
These initial dates are chosen to match those used in real-time operational forecasts so the 
experimental results could be compared with.  

The October 2015 ensemble mean  forecast is a record at 31.4°C and the anomaly is 0.9°C 

relative to Contl climatology. The observed  is 32.7°C and the anomaly is 2.3°C relative to 
2000-2014. The forecast histogram from 33 members is shown by red line bars in Fig. 6. The 

amplitudes of  ensemble mean forecast and its anomaly are both smaller than their 
observed counterparts. This is partly due to the fact that we have used ensemble mean in 
forecast whereas there is only one observation. If we look at forecast members we do find there 

is one member whose   is larger than the observed and two members reach the record 

(Table2 and Fig. 6). Alternatively, the ensemble mean  forecast reaches the 90th percentile 
with regard to Contl climatology distribution estimated using 165 members (the solid pink bars 

in Fig. 6). The  forecast at 90th percentile can be considered as an extreme as the variability 
of ensemble mean is inherently smaller than that of members (see above). Thus the 2015 event 
was successfully forecast.  

We now conduct an attribution forecast of the same event using the low CO2 world Prevs 
configurations. These forecasts were conducted in the same way as in real world except they 
were initialized using the altered initial states and run with lower CO2 (see Table 1). The 

October 2015 ensemble mean  forecast is again a record at 30.6°C and the anomaly is 
1.1°C relative to Prevs climatology. The histogram of the event forecast is shown by blue line 

bars in Fig. 6. Similar to Contl we find there are two members whose  forecasts are record 

and the ensemble mean  forecast is above 90th percentile against Prevs climatology (Table 
2 and Fig. 6). Thus the same event of October 2015 would be qualified as an extreme heat with 
or without human influence.  

Similar forecasts with Contl and Prevs configurations have been conducted for the October 
2014 event. The strength of the 2014 heat event is not forecast as successfully as for the 2015 

event, with the ensemble mean  forecast reaching 0.5 °C (79% percentile) in Contl and 0.5 
°C (74% percentiles) in Prevs with regard to their respective climatology (Table 2). For brevity, 

only the ensemble mean  forecasts from Contl and Prevs for October 2014 are shown in 
Fig. 6.  
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Table 2 Summary of  observed, forecast ensemble mean, anomaly and percentile from 
experiment Contl and Prevs for October 2014 and 2015. Number of forecast reaching 
record event in forecast members are also given. Column "Contl-Prevs" indicate 

mean and anomaly differences between Contl and Prevs. 

Year   Observed  Contl Prevs Contl-Prevs 

2014 
  
  

Mean (°C ) 32.1 31.0 29.9 1.1 

Anomaly to 2000-2014 
(°C ) 1.6 0.5 0.5 0.1 

Percentile (%) against 
2000-2014 PDF 98 79 74   

Number of record 
forecast members 0 2   

            

 2015 
  
  

Mean (°C ) 32.7 31.4 30.6 0.9 

Anomaly to 2000-2014 
(°C ) 2.3 0.9 1.1 -0.2 

Percentile (%) against 
2000-2014 PDF 100 90 92   

Number of record 
forecast members 

 
1 2   

 

If CO2 concentration had not increased since 1960, the forecast climatological mean at present 
should be the same as Prevs climatological mean. If we express the event forecast from Contl as 
anomaly relative to Prevs mean the above event forecast results can be restated. Choosing 
natural world climatology for deriving the anomaly in a full forcing experiment is a common 
practice in detection and attribution studies with climate models (e.g., Wang et al. 2016). Under 
this condition we can state that the mean Tmax forecast anomalies across Australia were 2.0 °C 
warmer in October 2015 and 1.5 °C warmer in October 2014 relative to the mean since 1960. 
Among those anomalies about half of the warming in October 2015 and two thirds in October 
2014 can be attributed to CO2 increase since 1960. We thus conclude that the human induced 
global warming is the major factor in causing the heat events in October 2014 and 2015. 

The above event attribution forecasts provide additional information about how the mean 
warming due to CO2 combined with particular configuration of ocean, atmosphere and land 
initial states give rises to an extreme event. While the mean change is about 1°C, the actual 

 forecast difference between Contl and Prevs can vary from year to year because of the 
nonlinear interaction between the mean state and the perturbation (i.e. internal variability). For 

instance, the October 2015  difference is 0.9°C, smaller than the mean difference, whereas 
the opposite is true for the October 2014 event in which they differ by 1.1°C (Table 2). The role 
of internal variability impact on the events will be explored in the next section. 
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6. METHODS TO ATTRIBUTE THE INFLUENCE OF 
NATURAL VARIABILITY 

We use two methods to assess the influences of climatic and synoptic situations on an event. 
The first one is by running a sensitivity experiment with perturbed initial conditions using the 
same seasonal forecast model as for the event attribution above. The second method is by using 

a statistical regression analysis linking  to various climatic drivers. These two methods 
have been used in (Arblaster et al. 2014) and Lim and Hendon (2015b). 

Below we apply both methods to explore the relative influence on the event of the atmospheric 
state (e.g. sub-tropical ridge, SAM), the oceanic state (e.g. El Niño, IOD) and the land state (e.g. 
dryness in soil).  

6.1 Sensitivity experiments – ‘scrambled’ initial conditions 

We conduct three different sensitivity experiments as summarized in Table 1 for both events. 
For "random ocean" sensitivity experiments, a 15-member ensemble is generated by initialising 
the ocean with 15 different states from the years 2000–2014 for each start date of an event. 
These historical initial conditions are provided by the POAMA initialisation scheme described 
in section 3. The land and atmosphere are initialized as usual. By initialising the ocean with 
randomized conditions, any predictability that stems from the realistic ocean initial states is 
excluded in the forecasts and so highlights the role of the atmosphere and land state for driving 
the event. The difference between Contl and the random ocean experiment forecasts will isolate 
the role of the ocean states on the event. The experiments of "random land" and "random 
atmosphere" have been designed similarly (Table 1). These experiments are also called 
scrambled initial condition experiments (Lim and Hendon 2015a) 

A summary of the  forecast from the sensitivity experiments and their difference from 
Contl for both 2014 and 2015 events is given in Table 3. It indicates that the overwhelming 
driver of the heat was the atmosphere that persisted from the atmospheric initial conditions late 

in September, as opposed to the ocean or land state in both years. For example the  forecast 
dropped in the random atmosphere experiment by 82% in October 2015 and 77% in 2014 
compared to only less than 10% change in random land and ocean experiments. This suggests 
that the direct impact on warming from the strong El Niño and IOD in 2015 was small, and the 
major impact was due to Southern Hemisphere midlatitude synoptic disturbances such as the 
Tasman Sea blocking and/or intra-seasonal drivers such as MJO activity in the tropical Indian 
Ocean (e.g. Hope et al. 2016). 
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Table 3 Summary of  ensemble forecast anomaly from three sensitivity experiments for 
October 2014 and 2015. The difference (Contl - experiment) and the difference 
expressed in percentage of Contl anomaly are also given. A positive difference means 
the experiment produces colder  than Contl. 

 2014   2015  

 Tmax 

(°C ) 

Tmax 

difference 

(°C ) (Contl - 

experiment) 

 Tmax 

(°C ) 

Tmax 

difference 

(°C ) (Contl - 

experiment) 
Random 
ocean 

0.51 0.02 0.96 0.04 

Random 
land 

0.58 -0.05 0.99 0.01 

Random 
atmos 

0.12 0.41 0.18 0.82 

 

The results above indicate that the signal was strongest from the atmospheric anomalous 
configuration, appearing at odds with conventional thinking that emphasises the ocean's role in 
promoting heat events in Australia. To explore the issue further we display Tmax over Australia 
and SST, MSLP and winds at 850 hPa over the global for the October 2015 event from 
observations and from forecasts of Contl and three sensitivity experiments in Fig. 7. The figure 
shows the Contl forecasts capture the observed event well, including the Tasman Sea blocking 
and the associated anticyclonic circulation despite being slightly reduced in amplitude. The SST 
prediction skilfully reproduces the observed features both in the tropics and midlatitudes. In the 
random ocean experiment the SST forecast exhibits a weak residual pattern structurally similar 
to El Niño and positive IOD. This residual pattern occurs as the ocean responds to the realistic 
wind initial conditions during the forecast month of October. Despite there being no significant 
SST forcing in this experiment, the Tasman Sea high and anticyclonic circulation persist during 
October. As a result, Tmax over Australia maintained the warmth with only 0.04 °C drop in 

  compared to Contl forecast (Table 3).  
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Fig. 7 From left to right:  October 2015 anomalies of Tmax over Australian and SST, MSLP 
and wind at 850 hPa over global. From top to bottom: observations, Contl forecast and 
experimental forecasts with removing information about the ocean, atmosphere or land 
in the initial conditions in the three rows below. Contour intervals for Tmax, SST and 
MSLP are 0.4 °C, 0.5 °C and 2 hPa, respectively. Thick lines are zero contours. Wind 
speed in the right most column is represented by shading with interval of 1 m/s. 

On the other hand, the forecast outcome was very different in the random atmosphere 
experiment. In this case the forecasts started with randomized atmospheric circulation 
anomalies but with realistic ocean anomalies that contain information of the strong El Niño in 
2015. As atmospheric circulation responds to SST forcing quickly in the tropics and slowly in 
the midlatitudes, we see in tropical Pacific lower tropospheric the ensemble mean westerly 
anomalies are well developed within one month. Over Australia and surrounding area 
anticyclonic circulation associated with the critical Tasman High are not established during one 
month. As a result Tmax over Australia only exhibits a weak warm anomaly, which can be 
considered as a direct response to the strong El Niño. The magnitude of this direct response to 

El Niño in  is only 0.2°C, or 0.8°C cooler than that in Contl (Table 3). 

The impact from soil moisture on  is small and uncertain in sign (drier than normal land 

surface condition leads to a warmer  in 2014 but cooler in 2015, Table 3). This might be 
caused by highly varying synoptic rain events occurring in late September 2000 to 2014 whose 
impact on soil moisture over Australia cannot be effectively removed by using samples from 
only 15 years. 
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6.2 Regression analysis 

A multiple linear regression (MLR) model was built to explore the impact on the extreme heat 
from large-scale climate drivers and soil moisture following previous studies (e.g. Arblaster et 
al. 2014). Here we conduct MLR analysis in the observations and the Contl and Prevs forecasts. 
The climate drivers or predictors of this model include the Nino3.4 index, the Indian Ocean 
Dipole Mode index (DMI), the SAM index and gridded antecedent soil moisture over Australia. 
The mean global temperature (GT) is also considered as a driver. Here we define GT as the 
weighted area average of 2 meter air temperature over land and SST over the ocean from 80°N 
to 80°S in both observation and forecasts.  

Prior to conducting the MLR analysis we first examine observed relationships between  
and grid point SST, MSLP and antecedent Australian soil moisture individually by bivariate 

linear regression. Fig. 8a shows October SST regression onto normalized  using data over 

2000 to 2014. Areas where the relationship between SST and  is significant (p<0.1) are 

highlighted. We see a significant SST relationship with  exists over the tropical East 
Pacific and subtropical central Pacific both sides of the Equator, the tropical East and West 
Indian Ocean, and regions at midlatitudes of the southern Pacific and Atlantic. Similar analysis 

for MSLP regression onto normalized 	is shown in Fig. 8b. Major features in MSLP 

associated with  include a high pressure anomaly over the Australian region and a wave 
number 3 structure at the Southern Hemisphere midlatitudes. For ALI soil moisture we regress 

antecedent September monthly mean data onto normalized  for October. It is shown in Fig. 

8c that higher  is associated with a drier September land condition over most of the 
Australian continent and the association reaches a significant level over the southern part of the 
southeast.  
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Fig. 8 Spatial pattern of bivariate regression onto normalized  from (a) SST, (b) MSLP 
over the globe and (c) ALI soil moisture over Australia with contour intervals 0.1 °C, 0.8 
hPa and 1 mm, respectively. Negative contours are in dashed and zero contours in bold 
solid lines. Areas where regressions are statistically significant at p<0.1 are shaded. 

Comparing these bivariate linear regression patterns (Fig. 8) with the observed anomalies in 
2014 and 2015 (Figs. 2 and 3) we find the regression patterns capture many centres of regional 
anomalies in the two years with the anomalies in 2014 being generally weaker in amplitudes 
than in 2015. Note data in 2015 are not used in deriving the regression patterns. The similarity 
in spatial characteristics between the regression and actual anomalies in the two years suggests 
the ocean, atmospheric circulation and land conditions in the two years are all working in 
concert to promote the record heat events. 

The above relationship can also be seen in the linear correlation among indices (Table 4). To 

derive an index representing the soil moisture impact on  taking into account its spatial 
variation, we project the soil moisture anomaly field onto the soil moisture regression pattern 
(Fig. 8c) and then spatially integrate the product with area weighting over Australia. This 

measure can be interpreted as the spatial covariance between  and precedent soil moisture 
and is denoted as coALI with soil moisture data from ALI. To check data robustness a similar 
index is defined using AWAP top layer soil moisture, denoted as coWET. 

From table 4 we find the observed  is significantly (p<0.10) positively correlated with 
Nino3.4, DMI, GT and the two soil moisture indices coALI and coWET. The correlation 

	with the global mean temperature GT is significantly positive despite warming slowdown 

during the analysis period 2000 to 2014. The correlation between  and SAM is weakly 
negative (p>0.2).  
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If we conduct a MLR analysis as in (Arblaster et al. 2014) and Hope et al. (2015) using ENSO, 

IOD, SAM, GT and the antecedent soil moisture index coALI as predictors for  the results 
are not consistent with that from the above bivariate regression analysis. For instance the 

Nino3.4 contribution to  in the MLR becomes negative (figure not shown). We speculate 
that the causes of this unexpected result are due to the small sample size (much longer time 
series used in previous studies) and the existence of strong covariance between Nino3.4 and 

DMI (Table 4). The SAM, being not significantly correlated with  during the analysis 
period 2000-2014, could also contribute to the problem. 

Table 4 Cross correlation among observed/analysed indices: SST Nino3.4 (N34), SST Indian 
Ocean Dipole Model index (DMI), SAM, global mean temperature (GT), covariance 
indices of T   with SST (coSST), MSLP (coMSLP), AWAP top layer soil moisture 
(coWET) and ALI soil moisture (coALI). Data used are October means during 2000 to 
2014 except for coWET and coALI in which September means are used. Correlations 
are indicated in red if they are significant at p<0.1 with two sided t-test. For details on 
dataset sources see the text. 

Indices N34 DMI coSST SAM coMSLP GT coWET coALI 

Tmax 0.54 0.59 0.77 -0.32 0.82 0.54 0.54 0.60 
N34  0.48 0.91 -0.36 0.59 0.85 0.34 0.37 
DMI   0.66 -0.27 0.61 0.22 0.82 0.73 
coSST   -0.36 0.75 0.80 0.54 0.56 
SAM     -0.71 -0.09 -0.41 -0.32 
coMSLP      0.41 0.65 0.61 
GT       0.13 0.21 
coWET        0.93 

 

We seek to overcome the above difficulty by refining predictors for use in MLR. Instead of 
using two predictors from SST (Nino3.4 and DMI) we seek to derive one index which 

represents the overall impact on  from SST. Recall that there is high spatial 
correspondence between the bivariate SST regression patterns in Fig. 8a and the actual SST 
anomaly patterns in Fig. 3; the projection (product) of the SST anomaly pattern of a given year 

onto the regression pattern can maximize the spatial covariance between SST and  for the 
year. By taking a global area average of the product and repeating the calculation for every year, 
we obtain a time series, denoted as coSST. We use coSST to replace Nino3.4 and DMI. For 
MSLP we can also see a high spatial coherence between the actual anomalies (Fig. 3) and the 
bivariate regression pattern (Fig. 8b). Thus a similar procedure is applied to MSLP to define a 
time series, denoted as coMSLP, which is used in replacement of SAM. Thus the modified 
MLR analysis needs one less number of predictors than the original MLR. 

Table 4 shows the correlations between  and coSST and coMSLP are indeed higher than 
that with usual indices Nino3.4, DMI and SAM. The MLR results using coSST, coMSLP, GT, 
and coALI as predictors is summarized in Table 5 and the regression decomposition for 2014 
and 2015 events are shown in Fig. 9 and Table 6. From Table 5 we find for observation these 

predictors together explain about 70% variance in  over the analysis period 2000 to 2014. 
Among regression coefficients only coMSLP has a p-value less than 0.1, signifying the 

importance of the atmospheric circulation impact on . The MLR decomposition of  
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into individual contribution from each predictor for 2014 and 2015 (Fig. 9) suggests that for 
observations, the atmospheric circulation (coMSLP) has the largest contributions (25% in 2014 

and 30% in 2015 relative to the original anomalies, Table 6) to  followed by contributions 
from the ocean (coSST) (14% and 17%). Contributions from the global mean temperature (GT) 
and the antecedent soil moisture (coALI) are relatively small (less than 10%) in both years. 

Overall, about half of the magnitude of the  in both years can be explained by the modified 
MLR. Note the decomposition for 2015 is "predictive" in the sense that it is outside the 
regression model training period. 

 

Fig. 9.  multiple regression decomposition for October 2014 (left) and 2015 (right) for 
observation (top), forecast experiment Contl (middle) and Prevs (bottom). Anomalies in 
unit °C are relative to 2000-2014. The observed and ensemble mean forecast  are 
shown by black bars. The total regression and contributions from coSST, coMSLP, GT 
and coALI are denoted by grey, red, blue, cyan and brown bars, respectively.  



THREE METHODS FOR THE ATTRIBUTION OF EXTREME WEATHER AND CLIMATE EVENTS 

 

 

 

Page    25 

 

Table 5 Result summary of the multiple linear regression analysis for the observation and the 
two forecast experiments. Included are the regressed  correlation and variance 
associated with the original  as well as regression coefficients (unitless) and 
corresponding p-value (in parentheses) for each predictor. Indices used in the 
regression are described in the text and Table 4. 

  

Correlation 

(r) 

 

Variance 

(r2) 

Regression Coeff. (p-values) 

coSST coMSLP GT coALI 

Obs 0.84 0.71 0.17(0.76) 0.74(0.06) 0.02(0.95) 0.22(0.46) 

Contl 0.92 0.84 0.17(0.51) 0.43(0.04) 0.01(0.92) 0.02(0.88)

Prevs 0.87 0.76 0.13(0.68) 0.48(0.07) -0.04(0.82) 0.05(0.73) 
 

Table 6 Result summary of the multilinear regression decomposition for T  October 2014 and 
2015 in observation and the two forecast experiments. The row headed "predictors" 
gives normalized predictor anomalies; the row "T (°C)" lists the raw anomaly (Raw), 
the sum of regression (Reg Sum) and individual contribution from each predictor. The 
row "%T " shows percentage contribution from the regression relative to the raw 
anomaly. 

                                   2014                                                                                   2015 

  Raw Reg 

Sum 

coSST coMSL

P 

GT coALI Raw Reg 

Sum 

coSST coMSL

P 

GT coALI 

O
b

s 

Predictor

s   1.4 0.6 1.8 0.6   2.3 0.9 4.2 0.2 

(°C) 1.6 0.8 0.2 0.4 0.0 0.1 2.3 1.2 0.4 0.7 0.1 0.1 

%  50 14 25 2 8  54 17 30 4 2 

C
on

tl
 

Predictor

s   0.7 0.4 2.3 0.6   1.8 0.6 4.1 0.2 

(°C) 0.5 0.3 0.1 0.2 0.0 0.0 0.9 0.6 0.3 0.3 0.0 0.0 

%  60 22 31 5 2  65 33 27 5 1 

P
re

vs
 

Predictor

s   0.8 0.3 2.2 0.6   2.0 0.7 4.0 0.2 

(°C) 0.5 0.2 0.1 0.2 -0.1 0.0 1.1 0.5 0.3 0.3 -0.1 0.0 

%  43 22 32 -17 7  45 25 32 -14 1 

 
The same MLR analysis results applied to Contl and Prevs forecasts are also given in Tables 5, 
6 and Fig. 9. Here all predictors are derived using forecasts except coALI being the same as in 
observations. In general the same conclusions hold for the forecasts with a few exceptions. One 
is the contribution from SST in Contl forecast of the 2015 event appears more important than 
that from MSLP. Keep in mind that we have used MSLP to represent atmosphere in the MLR. 
This representation is not as comprehensive as in random atmosphere sensitivity experiment 
discussed above where more atmospheric variables on all model levels are considered. The 
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other exception is that GT contribution to  becomes negative in MLR analysis with Prevs 
forecasts. This could be understood by the fact that in Prevs the CO2 forcing is set at a fixed 
315ppm over 2000 to 2014. As such GT calculated from Prevs forecasts will contain less global 
warming signal and more natural variability. We keep GT in the MLR for Prevs forecasts for 
the sake of consistency. 

Despite the very different approaches being used, the sensitivity experiments and the MLR 
analysis all suggest the dominant role played by atmospheric circulation in setting up (as 
depicted in the initial conditions) and promoting (during the month the event grows) both of the 
extreme heat in Australia in 2014 and 2015. This conclusion suggests that a strong El Niño is 
not sufficient for a heat extreme to occur in Australia without promoting atmospheric 
circulation. It also highlights the need for better atmosphere state initialization as it can lead to a 
better extreme heat prediction in monthly time scales.  

7. SUMMARY AND DISCUSSION 

In this study a new method for attribution of extreme climate event has been presented. This 
method uses an initialized climate prediction system to define initial conditions of ocean, 
atmosphere and land for a counterfactual "low CO2 world" in which CO2 increase since 1960 
had not occurred. Compared with previous methods, our method has the advantages of 1) 
demonstrated predictive skill of the event of interest (actual skill has been obtained), 2) reduced 
impact from climate model biases (only the first month forecasts were used), and 3) absence of 
interference arising from decadal variability on attribution results (no forecasts initialized prior 
to year 2000 were used). 

This method then has been applied to attribute two recent month long record heat events that 
occurred in October 2014 and 2015 over Australia to human induced CO2 increase since 1960. 
The results show that the last 55 years of CO2 warming contributed roughly 1.0 °C to the 
extreme heat forecast across Australia in both events. A combination of Tasman Sea blocking, 
SAM, MJO and a high positioned over the south-east of the country, on the background state of 
a strong El Niño and a positive IOD, all contributed to approximately an additional 1.0 °C for 
October 2015 event relative to 2000-2014. The same applies for October 2014 except the 
additional heat forecast across Australia resulting from atmospheric and SST anomalies is 0.5 
°C. 

Relative to the 1960 baseline mean climatology the mean Tmax forecast anomalies across 
Australia were 2.0 °C warmer in October 2015 and 1.5 °C warmer in October 2014. Among 
those anomalies about half of the warming in October 2015 and two thirds in October 2014 can 
be attributed to CO2 increase since 1960. We therefore conclude that the human induced global 
warming is the major factor in causing the heat events in October 2014 and 2015. These 
conclusions together with Fig. 6 can serve as a very effective communication tool for attributing 
extreme climate event to climate change as well as natural variability. 

Two additional methods were used to assess the influences of climatic and synoptic situations 
on the two extreme events. One interesting finding from them is that the atmospheric circulation 
anomalies played a more important role than direct impact from the ocean in promoting extreme 
heat in Australia. Bear in mind this conclusion is valid in the context of short lead forecasts. The 
ocean's role will inevitably become more important in forecasts with longer lead. Nevertheless 
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this conclusion implies climate extreme event predictability at monthly scales can be enhanced 
through improving initialization procedure for the atmosphere and atmospheric general 
circulation model. 

The anthropogenic driven change in SST derived in this paper with POAMA is likely model 
dependent, though it agrees well with the mean change depicted in CMIP5 models (Bindoff et 
al. 2013). Other caveats include that aerosol and other warming agents are not considered in our 
model. These issues could be addressed by using more advanced climate models and with a 
multi-model approach.  

The pattern of anomalously low pressure to the south of Australia and a high over the south-east 
of the continent appears to be a consistent feature accompanying the extreme heat across 
southern Australia during the last three springs of 2013 (Arblaster et al. 2014), 2014 (Hope et al. 
2015) and 2015 (this study and Hope et al. 2016). These anomalous atmospheric circulation 
patterns greatly boost the intensity of the extreme heat. Whether the development of these 
patterns is due to internal Southern Hemisphere midlatitude circulation dynamics or is also 
affected by ongoing CO2 increase requires further study. 
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