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have found mixed results owing to (1) the complex physical mechanisms which lead to the onset of drought,
(2) differences in the characteristics and time scales of drought for different regions of the world, and (3)
different approaches to the question of attribution. For a midlatitude, temperate climate like New Zealand,
strongly modulated by oceanic inﬂuences, summer droughts last on the order of 3 months, and are less
strongly linked to persistent temperature anomalies than continental climates. Here we demonstrate the
utility of a novel approach for characterizing the meteorological conditions conducive to extreme drought
over the North Island of New Zealand, using the January–March 2013 event as a case study. Speciﬁcally, we
consider the use of self-organizing map techniques in a multimember coupled climate model ensemble to
capture changes in daily circulation, between two 41 year periods (1861–1901 and 1993–2033). Comparisons
are made with seasonal pressure and precipitation indices. Our results demonstrate robust (>99%
conﬁdence) increases in the likelihood of observing circulation patterns like those of the 2013 drought in the
recent-climate simulations when compared with the early-climate simulations. Best guess estimates of the
fraction of attributable risk range from 0.2 to 0.4, depending on the metric used and threshold considered.
Contributions to uncertainty in these attribution statements are discussed.

1. Introduction
The growing area of event attribution research seeks to understand whether and to what extent the likelihood of an extreme weather event, often one which has been observed in the real world and resulted in
damaging impacts, has increased in response to anthropogenic inﬂuences on the climate system [Stott
et al., 2016]. While the emergent evidence from previous studies suggests that a large proportion of recent
heat-related extremes were made more likely by human inﬂuences on the climate system [Peterson et al.,
2013; Herring et al., 2014, 2015; Fischer and Knutti, 2015], the anthropogenic inﬂuence on precipitation-related
extremes, and particularly drought events, is less clear [National Academies of Sciences (NAS), 2016].
The mechanisms which contribute toward the onset of a drought event are complex and require the understanding of coupled land-atmosphere feedback processes in order to be accurately characterized [Dai, 2011b;
Seneviratne, 2012]. The wide range of metrics employed in the peer-reviewed literature to quantify the severity of drought [Heim, 2002; Zargar et al., 2011] is indicative of the difﬁculty faced by the research community
in characterizing drought events. Given this difﬁculty in even quantifying the severity of an observed drought
event, attempting to approach the question of attribution is exceptionally challenging.
1.1. Previous Research
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Previous approaches toward drought attribution have found differing results for the same “event,” depending on which meteorological aspects of the observed drought event were considered for analysis. The majority of studies which have considered changes to the likelihood of extreme precipitation deﬁcits (often linked
to a subsequent drought event), for example, observed events in Australia [King et al., 2014], Brazil [Otto et al.,
2015], the Horn of Africa [Marthews et al., 2015], or the Central U.S. [Rupp et al., 2015], did not detect any
statistically signiﬁcant differences between model simulations which included observed anthropogenic
inﬂuences on the climate system and those which did not. Two independent studies did, however, ﬁnd
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human-induced increases in the likelihood of exceptionally low seasonal precipitation accumulations over
the Middle East region [Bergaoui et al., 2015; Kelley et al., 2015], a result which can be explained as a unique
regional response to the weakening of the Mediterranean storm tracks with climate warming, resulting in
enhanced eastern Mediterranean drying through circulation changes [Hoerling et al., 2012].
While precipitation deﬁcits are a dominant factor in droughts [Williams et al., 2015], there are nevertheless
other critical nonlinearities and couplings in the system that are more difﬁcult to characterize, including
land-atmosphere feedback on small scales [Seneviratne et al., 2010]. Some studies have looked at the
co-occurrence of extreme temperatures and precipitation deﬁcits: both King et al. [2014] and Rupp et al.
[2015] consider this link in the context of whether increased dryness exacerbates the likelihood of concurrent
hot years occurring but ﬁnd no discernible change in the likelihood of annual precipitation deﬁcits.
Diffenbaugh et al. [2015] meanwhile notes that the record dryness over California for the 2012–2014 drought
event coincides with record high-temperature anomalies and subsequently demonstrates that the increased
chance of these extremes co-occurring has led to an increased probability of extreme drought over the
region. Williams et al. [2015] goes one step further and decomposes the relative contributions of changing
temperatures and precipitation patterns toward observing the exceptionally low recorded values of the
Palmer Drought Severity Index, again with respect to the 2012–2014 California drought.
Other approaches have used multithousand member initial-condition ensembles to constrain an estimate of
changes to simulated precipitation minus simulated evaporation (P-E) and found no attributable change in
the likelihood of record low values for the 2014/2015 Brazil drought [Otto et al., 2015]. Interestingly, the
use of a coupled land surface model in an otherwise equivalent model ensemble approach by Rupp et al.
[2015] actually showed a decrease in the likelihood of exceptional soil moisture deﬁcits over the summer
months for Texas, despite the large (at least tenfold) anthropogenic increase in the probability of record
hot temperatures also occurring.
Simulating the causal chain of processes which leads to the occurrence of severe hydrological or agricultural
drought is a nontrivial exercise [Seneviratne et al., 2010; Orth et al., 2015], and the ability of coupled climate
models to realistically simulate the coupled mechanisms which contribute to a severe drought is a fundamentally limiting constraint [Burke and Brown, 2008; Dai, 2011b; Lorenz et al., 2016]. While only looking at
precipitation deﬁcits as a key meteorological determinant of drought is unsatisfactory, simulating a more
complex measure of drought severity will likely lead to mischaracterizing uncertainty when ascribing a
change in event probability to anthropogenic inﬂuences. An alternative proposal suggested here is to primarily focus on the large-scale circulation patterns, which occur over the course of a given drought event.
Without making prior assumptions about which speciﬁc circulation types are most conducive to drought,
we assess how close modeled summers come to replicating the exact frequency and persistence of the
circulation regimes which were observed during a speciﬁc drought event.
1.2. Event-Speciﬁc Attribution Using Self-Organizing Maps: Framing the Question
When considering probabilistic event attribution, there is a question of utility in how speciﬁcally tailored
toward an observed event the analysis should be, in order for the result and any subsequent attribution statement to be suitably unbiased [NAS, 2016; Stott et al., 2016]. The most common approach is for a speciﬁc event
to actually be generalized as a class of event, whereby some metric is used to characterize the type of event in
question (extreme daily temperatures, for example), and probabilistic estimates of the fraction of attributable
risk (hereafter FAR [Allen, 2003]) are made by then considering occurrences or exceedances of a threshold
which was observed for the actual event [Shepherd, 2016]. This way, attribution statements can have relevance for the occurrence of similar types of events in the future.
While explored less frequently, one can also consider the in-depth characteristics speciﬁcally related to the
observed event only [Hannart et al., 2016]—examples include using analogue approaches in an attempt to
understand differences between dynamical and thermodynamic effects on a given event probability [Yiou
et al., 2007]. In this study, we propose to use self-organizing map (SOM) techniques to characterize the synoptic circulation of each day over the 3 month period of January to March 2013 (herein JFM13), during which the
most severe drought on record occurred over the New Zealand region [Harrington et al., 2014]. Each day is
assigned 1 of 12 possible circulation regime types (hereafter SOM nodes), based on which pattern most closely resembles the modeled circulation for that day: these 12 SOM nodes are identiﬁed by using reanalysis
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Figure 1. (a) MSLP anomalies over the New Zealand domain for January–March 2013. Anomalies are taken from the 20th
Century Reanalysis Project v2c with respect to a 1981–2010 climatology. The domain size corresponds to that used for
subsequent self-organizing map analyses. The blue and green rectangles show, respectively, the subregions used for the
area-averaged MSLP and precipitation analysis in section 3.2.2. (b) Monthly self-calibrated PDSI values (see Dai [2011a] for
details), averaged over the blue rectangle in Figure 1a, taken at the end of March for each calendar year. Negative values
indicate soil moisture deﬁcits. The red circle indicates value for 2013.

data over the period of 1979–2014 and are intended to characterize the range of typical summer circulation
patterns. We will then look at how closely each individual summer in an ensemble of fully coupled climate
model simulations from the Coupled Model Intercomparison Project Phase 5 (CMIP5 [Taylor et al., 2012]
resembles the speciﬁc frequency and persistence of each SOM node which was observed for the JFM13
observed event. Hence, rather than evaluating the probabilistic change to some metric, which is intended
to characterize drought over the North Island, this approach evaluates whether the speciﬁc sequence of
synoptic circulation patterns observed over the summer of JFM13 was made more or less likely to occur,
as a result of human inﬂuences on the climate system.
1.3. The 2013 North Island Drought Case Study: Event Description
Beginning in early January 2013, the region of the southwest Paciﬁc over New Zealand experienced an unusual sequence of persistent, or “’blocking,” high-pressure anticyclones [Harrington et al., 2014]. Over the subsequent 3 month period to the end of March, the northern half of the country experienced the most extreme
drought over 41 years of observations, both in terms of the severity of soil moisture deﬁcit (when characterized
by using a potential evapotranspiration deﬁcit metric) and the areal extent over which record dryness was
experienced [Harrington et al., 2014] (Figure S1 in the supporting information). At the peak of the event, it was
estimated that only 20 days of water supply remained for the capital city of Wellington (http://bit.ly/1sQwD6u;
Accessed 26 May 2016). Subsequent economic analysis suggests that the drought reduced the country’s annual
gross domestic product by approximately 0.6 percentage points, equating to at least US$1.3 billion in lost
revenue [New Zealand Treasury, 2013].
Monthly mean sea level pressure (MSLP) data, using ensemble-mean data from the 20th Century Reanalysis
Project version 2c (hereafter 20CR [Compo et al., 2011]), show anomalously high pressure situated over the New
Zealand region for the summer of 2013 (Figure 1a), though not record breaking [Harrington et al., 2014].
Despite this, the self-calibrated Palmer Drought Severity Index (PDSISC [Dai, 2011a]) shows that the summer
of 2013 exhibited record low levels of soil moisture over the North Island region (Figure 1b), consistent with
the results using nationwide potential evapotranspiration deﬁcit estimates. For subsequent analysis of MSLP
and precipitation deﬁcits in section 3.2, we use the regions marked as the green (37°S–45°S, 163°E–178°E)
and blue (34°S-40°S, 172–178°E) boxes in Figure 1a, respectively—these correspond to the regions where
anomalies of each corresponding variable were most extreme over the duration of the event (Figure S2).
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2. Methods
2.1. Self-Organizing Maps
Self-organizing maps (SOMs) are a powerful technique to characterize the synoptic climatology of a given
region and provide a method of quantifying how well climate models represent day-to-day variability in typical synoptic situations. In this study, a sequential SOM is used with a random initialization scheme, following
Hewitson and Crane [2002]: a random initialization scheme was chosen over other methods (such as in Reusch
et al. [2005]) to minimize computational memory requirements while having a negligible effect on the resultant SOM conﬁgurations [Gibson et al., 2016a].
The SOM training procedure involves the presentation of input data cases (in this case the daily MSLP data for
the region), randomly chosen and presented individually, to iteratively update each node. The Euclidean
distance measure between data cases and each node is then used to determine the “winning node,” consistent with previously published approaches [e.g., Cassano et al., 2006; Alexander et al., 2010]. Both the winning
node and surrounding nodes are updated in this process by using a Gaussian neighborhood update function.
The learning rate and radius parameter in the SOM were set to decrease linearly to zero and one, respectively.
Sensitivity testing determined that the starting values of these parameters had negligible inﬂuence on the
ﬁnal maps produced. The reader is referred to Hewitson and Crane [2002] for further discussion and justiﬁcation of methodological choices of the SOM procedure.
The end result of this process is a map of “self-organized” nodes where the order of these nodes on the twodimensional array map relates to a degree of similarity between nodes (Figure 2), although we emphasize
that the equidistant conﬁguration of these nodes in grid form should not be interpreted as a quantitative
measure of similarity between neighboring nodes. The MSLP patterns shown across the nodes are designed
to preserve and span the typical range of daily spatial patterns found in the data. An attractive feature of this
methodology is that node patterns trained from reanalysis data can then be used in the evaluation of climate
models. For example, at each daily time step the MSLP ﬁeld in a particular model is allocated to one of the
SOM nodes trained through reanalysis.
We calculate SOMs over a spatial domain around New Zealand (25°S-55°S, 155°E-190°E) by using daily 20CR
MSLP data over the months of January to March, for the period of 1979–2014: only training the SOM nodes
with summertime MSLP data enables a more in-depth consideration of features speciﬁc to the 2013 drought
event. We have chosen to use 20CR reanalysis data for this analysis, primarily because Gibson et al. [2016b]
have demonstrated that 20CR is a reliable reanalysis product for studying large-scale circulation features over
the New Zealand domain for the period of analysis considered. Comparisons with alternative reanalysis products are also brieﬂy considered in section 2.3.
A conﬁguration of 12 possible SOM nodes is selected for subsequent analysis, although alternative conﬁgurations of 20 and 30 nodes demonstrate very similar results (see supporting information). We then consider
three metrics to represent the collective properties of synoptic circulation over each summer season: node
frequency, average lifetime, and maximum lifetime. Node frequency is deﬁned as the total sum of days when
a given node occurs, expressed as a percentage; average lifetime is deﬁned as the average duration (days)
each node persists for; and maximum lifetime is deﬁned as the longest continuous number of days over
which the same node persists.
2.2. The 2013 Drought in the Context of Self-Organizing Maps
Figure 3 reveals how the SOM properties for the summer of 2013 compare from a climatological perspective.
The box and whisker plots present statistics based on the aforementioned SOM metrics for each summer
from 1979 to 2014: in each box, the center is the median, the boxes are the upper and lower quartiles, while
the maximum whisker length is 1.5 times the interquartile range (following Tukey [1977]). The blue line in
Figures 3a and 3b represent the SOM metrics when all summer days from all years are aggregated together.
When compared with the climatological average, we see that the JFM13 (red circles) exhibited anomalously
high frequencies of nodes a0, a1, c2, and c3, although none of these individual frequencies were the highest
on record. In terms of persistence metrics, the average lifetime scores for 2013 were broadly consistent with
the climatological average for all nodes—while node c3 represented an exception, there were still several
other years which recorded exceptionally longer average lifetimes. The patterns which exhibited anomalously high (low) node frequencies also showed similar statistics for maximum node lifetime.
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Figure 2. SOM nodes trained from 20CR daily MSLP for the months January to March over the period 1979–2014. In terms of referencing, node “a3” refers to the node
in the lower left corner of the SOM plane. Inset numbers refer to the number of days each node was observed over the duration of the JFM13 drought.

2.3. Evaluating CMIP5 Models for Attribution Using SOMs
A more recent application of self-organizing maps has been to assess which models in the CMIP5 archive best
simulate the observed synoptic climatology over a given region [e.g., Gibson et al., 2016a]. Here we consider
how this could be used to assess the climatology of summertime circulation over the New Zealand region for
each model.
For 22 models from CMIP5, we compile daily MSLP data over the same 36 year period as the available reanalysis data, using “Historical” data from 1979 to 2005 concatenated with “Representative Concentration
Pathway 8.5” (“RCP8.5”) simulations over the period of 2006–2014. For stability of the SOM procedure, a
second-order conservative remapping scheme was employed to regrid all models and reanalyses to a common 1.5° × 1.5° grid. By considering only the 3 months of JFM over which the SOM nodes were trained,
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Figure 3. Box plots showing, for each SOM node, the observed (a) frequency, (b) average lifetime, and (c) maximum
lifetime for all summers between 1979 and 2014. In each box, the center is the median, the boxes are the upper and
lower quartiles, while the maximum whisker length is 1.5 times the interquartile range. All outliers beyond this 1.5*IQ range
are shown as black crosses. The red ﬁlled circles show the observed statistics for JFM2013. The blue lines correspond to the
climatological mean.

corresponding SOM time series are calculated for each model by identifying the closest resemblance to each
SOM node for a given day. Based on these data, we consider (1) the total number of days each node is
observed, comparing between each CMIP5 model and the reanalysis over the climatology period, as well
as the (2) average and (3) maximum lifetime of each node, and calculate the mean absolute error (MAE)
for each of these three metrics. MAE is deﬁned as follows,
1 Xn
MAE ¼
(1)
jf  y i j
i ¼ 1 i
n
where n denotes the number of SOM nodes under consideration (default = 12), yi refers to the frequency (or
lifetime) of node i in the reanalysis, and fi denotes the corresponding frequency (or lifetime) for the CMIP5
model of interest. An MAE of zero would indicate a perfect comparison in the frequency/lifetime of SOM
nodes between a CMIP5 model and reanalysis. We have chosen to focus on mean absolute errors as the
metric of choice for subsequent analysis, as this formula provides an absolute measure of model error and
gives equal weight to errors from all SOM node types. While Pearson correlations and Spearman rank
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Figure 4. (a) Spread in CMIP5 model performance based on the MAE scores, comparing the climatological node frequency
with (a) average and (b) maximum persistence comparisons with 20CR data. A MAE of zero indicates a perfect match in the
chosen metric between the model and reanalysis. Numbers refer to those CMIP5 models listed in Table S1 in the supporting
information. The black circles correspond to comparison between 20CR and two reanalysis data sets: ERA-Interim and
NCEP2.

correlations have also been considered (see supporting information), results for subsequent applications in
section 3.1 were found to be less consistent across different SOM node conﬁgurations.
Figure 4 demonstrates that this approach used to compare the 20CR reanalysis with each CMIP5 model, as
well as two alternative reanalysis products (ERA-Interim [Dee et al., 2011] and National Centers for
Environmental Prediction Reanalysis 2 (NCEP2) [Kanamitsu et al., 2002]), across the full 36 year climatology.
Based on this ﬁgure, it is apparent that some models do a better job than others at simulating climatological
node characteristics of 20CR, although no model performs as well as the alternative reanalysis products. This
latter point is expected, given that the CMIP5 simulations only have constrained boundary conditions (like
external forcing rates) and are otherwise freely evolving, while the reanalysis data sets are, like 20CR,
constrained by using actual observations over the entire period. It is also noted that the combination of (1)
very low and (2) highly similar MAE scores found for the two alternative reanalysis products shows that the
choice of reanalysis product has a negligible inﬂuence on the results of this SOM-based analysis.
An important step of any attribution study is to determine which models are a reasonable surrogate for reality
and thus may be considered suitable for subsequent analysis. Based on the results of Figure 4, it might be
argued that some models perform poorly relative to the model ensemble as a whole, and therefore may
warrant exclusion from subsequent analysis of anthropogenic changes in circulation. However, further
consideration reveals that the MAE scores of Figure 4, which use the full climatology period and using all
nodes, do not necessarily translate to consistent model biases in the frequency distribution for each individual node (Figure S6). For this reason, and because of how we intend to utilize SOMs in an attribution context
(section 2.4), we have chosen to include all models for subsequent analysis. However, our results are comparable even if the four models which are particularly “poor performers” based on Figure 4 (bold numbers) are
excluded from the subsequent model ensemble (Figure S7).
2.4. Application of SOMs in the Context of Event-Speciﬁc Attribution
Evaluating the ﬁdelity of a model’s synoptic climatology is only one application of self-organizing maps.
Instead of aggregating all available years to compare climatological frequencies of each node type with
the observed climatology of the same region, MAE scores can also be computed to compare each individual
summer of a model with an observed summer in the real world. For example, in addition to the MAE score
obtained by comparing the summertime climatology of 20CR over 1979–2014 with that of model “12”
(Geophysical Fluid Dynamics Laboratory-Earth System Models version 2M (GFDL-ESM2M)), one can also
calculate the MAE between the node frequency/lifetime of each summer in the model and the summer of
2013 in the reanalysis (ﬁlled circles shown in Figure 5). These individual MAE scores can be used to quantify
the likelihood of a model simulating a summer with synoptic circulation features analogous to those of
JFM13, and thus also be used to investigate changes in the probability of simulating summers like that of
JFM13 in response to anthropogenic inﬂuences.
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Figure 5. As in Figure 4 but showing the climatological MAE scores for a single model (number “12”, denoting
GFDL-ESM2M) decomposed into the MAE scores (ﬁlled circles) between each summer of the model over 1979–2014 and
the summer of 2013 in the reanalysis.

To consider changes to the probability of the summer of 2013 occurring in response to anthropogenic
inﬂuences on the climate system, we now consider the output from the same CMIP5 simulations (under
the same Historical and RCP8.5 experiments) for two time periods: 1861–1901 (hereafter “early-climate”)
and 1993–2033 (hereafter “recent-climate”). The more recent time period, centered on the summer of
2013, is treated as a representative analogue of the present-day climate, while the earlier period is intended
to represent a climate with a much smaller inﬂuence from anthropogenic factors. We assume that possible
differences in natural forcings between the two periods will be negligible when smoothed over a 41 year time
scale, and therefore consider differences between the two distributions as attributable to human inﬂuences
on the climate system. The combination of using a 41 year aggregation period, and considering many different CMIP5 models, each of which are freely evolving, enables a further assumption that possible modes of
decadal variability [Henley et al., 2015] will have negligible inﬂuence on these results. Finally, it is important
to note that the relative inﬂuences of ozone depletion versus greenhouse gas increases cannot be easily distinguished by using the model simulations available, and we therefore choose to consider “anthropogenic”
changes to the climate as the aggregate signal of both effects.
For each model summer (JFM), we calculate the frequency, average lifetime, and maximum lifetime of each
SOM node and compare with the corresponding characteristics for the observed summer in 2013. For each
summer in each model, MAE scores are then computed for each of the three metrics, by comparing the value
for each of the 12 nodes with the corresponding observed value in the summer of 2013. By calculating MAE
scores to compare each modeled summer with JFM13 for the 22-model subset, we obtain a 41 × 22 element
probability distribution (PDF) of MAE scores for each of the two periods considered.
To test the statistical signiﬁcance of changes to each probability distribution between the two periods,
we apply a two-sample Kolmogorov-Smirnov (K-S) test, and where appropriate, also calculate the
estimated FAR for a given threshold as FAR = (p1  p0)/p0, where p0 is the probability of exceeding a
prescribed threshold in the early-period ensemble and p1 denotes the probability of exceedance in the
recent-period ensemble [Allen, 2003; Stott et al., 2004]. We also repeat all calculations of FAR by resampling
an equal number of data points from the distribution, with replacement, 10,000 times, and present the
best guess (50th percentile) estimate, as well as the 10th and 90th percentiles of these bootstrapped
distributions.

3. Results
3.1. Changes to the Likelihood of the JFM13 Drought From a Daily Circulation Perspective
Figure 6 shows the PDFs of aggregated model MAE scores for the early-climate and recent-climate ensembles, for each of the three SOM metrics, presented by using a kernel smoothing function. The distribution
of frequency MAE scores appears to be near-Gaussian, while the distributions of average lifetime and
maximum lifetime MAE exhibit heavier tails.
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Figure 6. Probability distributions of the (left) frequency, (middle) average lifetime, and (right) maximum lifetime correlation scores for the 22-model ensemble. PDFs are estimated by using a kernel density smoother. The black lines correspond
to the 1861–1901 ensemble; the red lines correspond to the 1993–2033 ensemble. Inset P values are found by using a
two-sample K-S test.

The key question of this SOM-based approach to event-speciﬁc attribution is how these probability distributions have changed when comparing the early-climate model ensemble with the recent-climate ensemble
centered on 2013. We ﬁnd statistically signiﬁcant (p < 0.05) shifts toward lower MAE scores for all three of
the SOM metrics when comparing the recent-climate PDF (red) with the early-climate PDF (black). Similar
results are also found when considering different SOM node conﬁgurations (see supporting information).
This is a signiﬁcant result and demonstrates that an anthropogenic signal can be found in the daily-scale
properties of circulation related to a drought event. Speciﬁcally, these results suggest that the properties
of circulation patterns coincident with the 2013 New Zealand drought were more likely to occur in response
to anthropogenic inﬂuences on the climate system.
While the frequency MAE scores show a systematic shift in the entire distribution, the lifetime metrics instead
show a smaller distribution tail and a more pronounced statistical mode. Understanding how these distribution changes can be interpreted in the context of a more traditional FAR-based framework is considered in
more detail in section 4.
3.2. Comparison With Alternative Attribution Techniques
For both completeness, and to understand how these SOM-based results compare with more orthodox
approaches to event attribution, here we present alternative assessments of human inﬂuence on the 2013
New Zealand drought, using methods that have been previously used in the peer-review literature.
Speciﬁcally, we consider the frequency of only speciﬁc SOM node types, under the assumption that the notable prevalence of some node types during the drought event may suggest that they are more conducive to
drying than others. We also compare the daily-scale circulation changes with changes in the distribution of an
area-averaged, seasonal circulation metric and precipitation deﬁcit metric.
3.2.1. Changes to the Frequency of Anomalous SOM Nodes
Some previous studies have investigated anthropogenic inﬂuences on changing circulation patterns by
counting the number of occurrences of a particular circulation regime type, especially if this circulation
pattern has been demonstrated as being anomalously prevalent during an extreme event of interest. For
example, Schaller et al. [2016] considers the number of days in the UK wet winter of 2013/2014 when a
south-westerly ﬂow regime occurred, as record-breaking occurrences of this regime type coincided with
record-breaking ﬂooding over the region. Here we present an analogous approach for the 2013 drought,
by counting the number of days which exhibited either SOM node “c2” or “c3.” As mentioned in
section 2.2, the combined frequency of these two nodes was the highest over the 36 year reanalysis period
in the summer of 2013.
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Figure 7. (a) PDFs of the percentage of days in each summer which correspond to either SOM node c2 or c3. The black lines
correspond to the 1861–1901 model ensemble; the red lines correspond to the 1993–2033 ensemble. The red circle
corresponds to the 2013 value of 35.6%. (b) FAR estimates for thresholds corresponding to between the 80th and 98th
percentiles of the 1861–1901 distribution, sampled at 2-percentile intervals. The green shading indicates an 80%
conﬁdence interval based on a 10,000-sample bootstrap. Inset P value corresponds to a two-sample K-S test between the
early and late ensembles: bold font indicates p < 0.05.

Figure 7 shows a systematic shift in the recent-climate distribution to summers with more frequent occurrences of these node patterns, which were anomalously frequent in the summer of 2013 and represent
anticyclonic MSLP patterns situated over the North Island (Figure 2). Corresponding FAR estimates for a series
of arbitrary thresholds (chosen between the 80th and 98th percentiles of the early-climate distribution) show
a bootstrapped 10th percentile of FAR of 0.3 for moderately extreme thresholds (>25–30% of days per
summer); however, no discernible signal is apparent at the very tail of the distribution.
3.2.2. Comparison With 3 Month Area Average Approaches
For the two 41 year periods using the same 22-model ensemble, we extract model MSLP taken as the
January–March mean value averaged over the region which exhibited a maximum anomaly for the 2013
drought event (green box in Figure 1). In addition, we calculate the total precipitation accumulation (mm)
over the same 3 month period, averaged over the region which exhibited the most severe low-precipitation
anomalies during the summer of 2013 (blue box in Figure 1). While it is noted that dry day frequencies have
also been considered as a relevant metric to evaluate the 2013 New Zealand drought [Harrington et al. 2014],
we choose to focus on 3-monthly cumulative rainfall totals, as this is the most common approach in the
peer-reviewed literature for assessing precipitation changes in a drought attribution context [Lott et al.,
2013; Barlow and Hoell, 2015; Bergaoui et al., 2015; Diffenbaugh et al., 2015; Funk et al., 2015; Marthews
et al., 2015; Otto et al., 2015; Rupp et al., 2015; Swain, 2015].
Figure 8a reveals a weak negative correlation between the MSLP of a model summer and the corresponding
3-monthly total precipitation over the same period, suggesting that higher summertime MSLP is more likely
than not to result in lower-than-normal precipitation over the North Island. There is also clear evidence for a
systematic shift toward higher summertime MSLP in the more recent time period, consistent with our present
understanding of changes to MSLP over the New Zealand region in response to human-induced climate
change [Gibson et al., 2016b]. An increase in variance of 3 month precipitation totals also translates to a small
subsequent increase in the likelihood of exceptionally low precipitation totals. K-S tests show statistically
signiﬁcant differences (p < 0.05) exist between the early- and recent-climate PDFs for the area-average
MSLP but not for precipitation.
Interrogating these results further, FAR estimates are considered for a series of arbitrary thresholds at the tail
of the early-period distribution for each variable. Figure 8b conﬁrms that a statistically robust increase in the
likelihood of exceptionally high 3-monthly MSLP is found in the recent-climate model ensemble, with the
10th percentile of FAR estimates exceeding 0.3 for all MSLP thresholds considered, except at the very tail
of the distribution. Meanwhile, Figure 8c shows a small but detectable anthropogenic increase in low
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Figure 8. (a) Relationship between 3-monthly MSLP and 3-monthly total precipitation averaged over the regions shown in
Figure 1. The black and red circles show each model summer in the early (1861–1901) and recent (1993–2033) time periods,
respectively. Least squares linear regressions have been applied to each ensemble; r-values correspond to the Pearson’s
correlation score. (b and c) The best guess (median) fraction of attributable risk (FAR) calculated for (b) MSLP and
(c) precipitation. FAR thresholds were considered between the 80th and 98th percentiles of the 1861–1901 distribution,
sampled at 2-percentile intervals for MSLP (circles), while thresholds pertaining to the 20th to the 2nd percentiles were
sampled for precipitation accumulations. The blue shading indicates an 80% conﬁdence interval based on a 10,000-sample
bootstrap. Inset are P values of a two-sample K-S test between the early and late ensembles of each variable: bold color
indicates p < 0.05.

precipitation totals across all moderately extreme percentiles, with the bootstrapped ensemble of FARs
showing a more distinct anthropogenic increase in the likelihood of 3 month totals below 450 mm. These
results are consistent with similar analyses which found an increased likelihood of summers with exceptionally high dry day frequencies over the North Island due to anthropogenic inﬂuences [Harrington et al., 2014].

4. Discussion
By considering probability distributions of MAE scores, the traditional determination of FAR estimates (by
counting the exceedances of a metric threshold based on the observed event) is not possible, since by
deﬁnition, the observed event corresponds to the lower bound of the probability distribution (an MAE score
of zero). Further, it is not immediately clear how best to compare human-induced changes to the distribution
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Figure 9. FAR estimates calculated at percentile thresholds of the early
(1861–1901) time period comparable between the six metrics used to
consider the 2013 New Zealand drought. The quantile thresholds actually
correspond to the 20th to the 2nd percentiles for precipitation totals and
the MAE scores. The bold lines with ﬁlled circles show the median estimate of FAR for each threshold (ﬁlled circles) based on a 10,000-sample
bootstrap; the thinner lines correspond to the 10th percentile of FAR.
Inset P values are the same as for Figures 6–8.
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tails of the three MAE-based metrics
with the area-averaged distributions of
seasonal precipitation accumulations
and MSLP, as well as the “c2 + c3” node
counts. To circumvent these issues, we
select values corresponding to every
2nd percentile between the 80th and
98th percentiles of the “early-period”
distributions for each metric, thereby
enabling a comparable sequence of
thresholds to consider FAR estimates. It
is noted that we actually consider quantile thresholds ranging from the 20th
down to the 2nd percentile for the case
of 3-monthly precipitation totals and
the MAE scores, but label them to be
the same as the other metrics. The FAR
statements shown in Figure 9 thus
demonstrate attributable probability
increases in the tails of each distribution, rather than providing a single FAR
estimate for the 2013 event.

It is evident that the best guess estimates of FAR for comparable thresholds
along the tail of the distribution for each
of the six metrics differ, but all are above
zero—this is consistent with the fact
that ﬁve out of six metrics show statistically signiﬁcant differences between the early-climate and recent-climate PDFs when based on K-S tests
alone (inset P values). The bootstrapped 10th percentile estimate of FAR for the area-averaged MSLP index
(thin red line) remains consistently above 0.33, suggesting at least a 50% increase in the likelihood of exceptionally high seasonal mean sea level pressures over the New Zealand domain between the early- and recentclimate model runs. Similar FAR values are also found for the node count-based metric (solid black lines),
which is expected given that the two metrics represent related phenomena.
It is important to emphasize that these estimates of FAR for each metric consider fundamentally different characteristics of the 2013 drought, and the variety of estimates found in Figure 9 should therefore be expected.
Moreover, metrics which consider variables over seasonal time scales, like that of the area-averaged pressure
and precipitation, have inherently lower variance when compared with daily scale distributions and are thus
more likely to experience an earlier emergence of a FAR signal [Christiansen, 2015; King et al., 2016].

The estimates of FAR for thresholds between the 80th and 90th percentile are consistent for all six metrics—
of most interest is that all three MAE-based metrics demonstrate a similar best guess FAR of approximately
0.2. However, as the FAR thresholds considered extend beyond the 90th percentile, this homogeneity breaks
down, and the metrics with formerly robust signals show a lower-bounded FAR which overlaps with zero
(suggesting the possibility of no change in likelihood), while the precipitation PDF begins to exhibit a robust
increase in the likelihood of exceptionally dry summers. This divergence is indicative of the relatively small
sample sizes associated with attribution by using a CMIP5 model ensemble—it is therefore difﬁcult to make
robust statements about the fraction of attributable risk for very extreme thresholds in the absence of a much
larger model ensemble.
There are some further caveats that require consideration when interpreting the results presented in this study:
1. When several metrics on different time scales are being concurrently assessed, there are open questions
as to the most appropriate methods of model validation for attribution analysis [Mitchell et al., 2015;
Mitchell, 2016]. In this study, we consider the climatological SOM statistics to determine which models
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replicate the real-world frequency and persistence of summertime circulation patterns, but choose to
include all models for subsequent attribution, as determining which models “performed poorly”
depended on the validation method used. It is also important to note that the number of models which
reliably simulate the observed distributions of seasonal precipitation and MSLP over the regions used for
the area-average metrics may differ from those which meet a validation criteria based on daily-scale
circulation characteristics [Masson and Knutti, 2011], and this must be considered when comparing subsequent FAR estimates.
2. As demonstrated in section 3.2.1, there is a robust anthropogenic increase in the likelihood of observing
those SOM nodes which occurred frequently during the 2013 drought. However, it is also important to
recognize that due to the complex topography of New Zealand, each of the circulation regimes characterized by the 12 SOM nodes in this analysis can enhance drying in some parts of the country, while potentially increasing rainfall in other regions (Figures S3 and S4). Moreover, the spatial patterns of drought for
the 2013 event were not completely homogeneous, with record-breaking dryness observed over the
western South Island and the majority of the North Island, while the more traditionally drought-prone
eastern regions of the country experienced only moderate soil moisture deﬁcits (Figure S1). Because of
these complexities in the spatial evolution of the drought, assuming that one or two particular SOM nodes
were the cause of the events’ severity, as is demonstrated in section 3.2.1, could lead to an overly simplistic characterization of the unique properties of the 2013 event. It is for this reason that we emphasize the
use of MAE scores for our analysis, as this technique assigns equal weight to the difference in frequency
(or persistence) of each node, when comparing model summers against JFM13, and thus enables a truly
event-speciﬁc method of attribution.
3. The Kolmogorov-Smirnov test is a common approach used to establish whether two probability distributions can be interpreted as being statistically different from one another, or more accurately, whether they
originate from the same continuous distribution [Steinskog et al., 2007]. However, it is evident that
changes between the early-climate and recent-climate distributions to the number of years with very high
MAE scores will be less informative than evaluating changes to the very low end of the MAE distribution,
especially when asking the question of whether a summer like that of 2013 was more likely to occur in
response to anthropogenic climate change. Christidis and Stott [2015], for example, only subsampled
model winters which obtained a Pearson correlation score greater than 0.6, when comparing the upper
level circulation characteristics with the observed wet UK winter of 2013/2014. The SOM-based FAR
estimates in Figure 9 are intended to be analogous to this ﬁxed threshold approach, and thus provide
supplementary insight to the full PDFs considered in Figure 6.

5. Summary and Conclusions
Any statement regarding the fraction of attributable risk for a speciﬁc extreme event needs to be carefully
interpreted in the context of the question being asked [van Oldenborgh et al., 2015]. In this study, we introduce a new approach to consider whether and to what extent the speciﬁc daily circulation characteristics
observed over the New Zealand region during the record-breaking drought of early 2013 were more or less
likely to occur, and break that down further to separately consider the frequency, average persistence, and
maximum persistence of different circulation types. The introduction of SOMs in an attribution context
represents a novel contribution toward an emerging focus on event-speciﬁc attribution techniques in the
research community [Hannart et al., 2016]. It also represents a method of circumventing difﬁculties in evaluating anthropogenic changes in drought likelihood, particularly for those locations where precipitationtemperature coupling mechanisms are less signiﬁcant.
This SOM-based approach ﬁlls a gap in the toolset available for event-speciﬁc attribution. While different
techniques remain more suited for extremes which occur on daily or multiday time scales, the approach suggested in this study will be useful for seasonal-to-annual scale extremes which cannot be sufﬁciently characterized by temporally averaging a single variable (such as MSLP) over the length of the event. While the
analogue approach [Stott et al., 2016] represents a complementary method, applying such a technique to studies of drought still requires the original assumption that a single, speciﬁc measure of drought (such as soil
moisture) could be adequately simulated by climate models over time and also be representative of the
underlying mechanisms which contribute to event severity. Our approach instead focuses only on changes
to the properties of daily-scale circulation over the duration of the extreme event.
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The ﬁnal aim of this study was to illustrate how different approaches toward event attribution can yield a variety of results even when considering the same event. For the New Zealand drought case study, our analysis
indicates that there was a small but discernible anthropogenic increase in the probability of observing daily
circulation characteristics like those of the summer of 2013, with best guess FAR estimates of 0.2 being found
for all three SOM-based metrics when using moderate percentile thresholds. There were also robust increases
in the likelihood of exceptionally high seasonal MSLP patterns over the regions which were most extreme
during the 2013 drought, with a best guess estimate of a 50% increase in likelihood. We emphasize that these
results are sensitive to the threshold at which FAR was calculated, and discernible changes to likelihood in the
extreme tail of the distribution could not be reliably identiﬁed by using the model ensemble available.
Future work is needed to explore the potential utility of self-organizing maps in the context of event attribution, as well as to determine how an event-speciﬁc framework could best complement other common
attribution techniques.
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