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Abstract science on the role of anthropogenic influence on extreme weather events, such as heat-
waves or droughts, has evolved rapidly in the past years. The approach of “event attribution” compares
the occurrence-probability of an event in the present, factual climate with its probability in a hypothetical,
counterfactual climate without human-induced climate change. Several methods can be used for event
attribution, based on climate model simulations and observations, and usually researchers only assess a
subset of methods and data sources. Here, we explore the role of methodological choices for the attribu-
tion of the 2015 meteorological summer drought in Europe. We present contradicting conclusions on the
relevance of human influence as a function of the chosen data source and event attribution methodol-
ogy. Assessments using the maximum number of models and counterfactual climates with pre-industrial
greenhouse gas concentrations point to an enhanced drought risk in Europe. However, other evaluations
show contradictory evidence. These results highlight the need for a multi-model and multi-method frame-
work in event attribution research, especially for events with a low signal-to-noise ratio and high model
dependency such as regional droughts.

1. Introduction

Event attribution is a quickly growing field (Herring et al., 2016; Stott et al., 2016; National Academies of
Sciences, Engineering, and Medicine (NAS), 2016) with high visibility and potential key implications. It has,
for instance, been suggested that evidence from event attribution research could be used in courts of
law to obtain reparations following impacts of extreme weather events (Allen, 2003; Thompson & Otto,
2015; Stott et al.,, 2016). In event attribution, a change in the occurrence probability of an extreme event is
quantified with the Risk Ratio (NAS, 2016), RR = p;/p., where p; is the probability of the event in the factual
climate including climate change, and p_ the probability of the same event in a counterfactual climate
without anthropogenic climate change (Figure 1). This probabilistic framing is suited for events defined
via the exceedance of a threshold of a weather variable, which always have some stochastic behavior.
The observed event is thereby only used to define the threshold, and different meteorological situations
could lead to events of the same magnitude. Although event attribution assessments are sensitive to
methodological choices (Lewis & Karoly, 2013; Shiogama et al., 2013; Otto et al., 2015; Uhe et al., 2016), it
is still common to rely on a limited number of models and methods (Sippel et al., 2016; Dong et al., 2016;
Schaller et al,, 2016; Mitchell et al., 2016). In this study, we analyze the role of methodological choices for
the attribution of the 2015 European drought.

In the summer of 2015, Central Europe experienced a pronounced drought and heat wave. The event broke
local temperature records (Dong et al., 2016; Sippel et al., 2016), and was characterized by very low precipi-
tation (Orth et al., 2016), which resulted in significantly reduced surface water availability (Van Lanen et al.,
2016; Laaha et al., 2016). While the extreme temperatures occurring during that event were shown to have
alarger probability due to climate change (Dong et al,, 2016; Sippel et al., 2016), the role of human influence
on the meteorological drought (precipitation deficit) has not yet been assessed.

The use of general circulation models (GCMs) is central in event attribution studies. They allow the com-
putation of large ensembles of the factual climate as well as of the counterfactual climate, for which
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Figure 1. Probabilistic event attribution and the risk ratio. (a) Hypothetical Probability Density Functions (PDFs) of precipitation in the
factual (red) and counterfactual (blue) climate. The thin, light lines indicate parameter uncertainty of the two PDFs. The magnitude of the
investigated extreme event is indicated with the thick black line. To avoid a selection bias, we use the second largest event on the
observational record as threshold, shown with the thin black line. (Inset) The parameters p; and p, are calculated as the gray area under
the PDF. (b) PDF of the RR, taking the parameter uncertainty into account (magenta), 95% credibility interval (black bar), and best
estimate (median, white line).

no observations exist. However, using GCMs also involves a number of methodological choices, poten-
tially influencing the RRs obtained from them. In this study, we will assess the influence of the following
choices on the RR: different counterfactual climates (as defined by different levels of anthropogenic
forcing agents: greenhouse gases (GHGs) and aerosols), the selection of the climate model, the repre-
sentation of sea surface temperatures (SSTs), and additionally the effect of using different datasets for
observation-based RRs.

2. Factual and Counterfactual Climate

The factual climate (referred to as PRES, hereafter) should represent the “real”, current, climate conditions
as accurately as possible. Here, it is estimated from simulations forced with boundary conditions (GHGs,
aerosols, and potentially SSTs) representing observed, current-day values. The counterfactual climate, on
the other hand, should represent a climate undisturbed by human influence. Four possibilities have been
introduced in the scientific literature, which we will refer to as PAST, PAST_GHG, NAT, and piC, hereafter
(Table 1). PAST consists of historical simulations forced with observed boundary conditions, but uses a
time period from the middle of the 20th century, when the human imprint on climate was smaller. In this
study, we use the 1960s as historical period, when the anthropogenic GHG forcing was about one-third of
the current forcing. In contrast to anthropogenic GHG forcing, the anthropogenic aerosols load was not
(quasi)monotonically increasing. In the 1960s, the European tropospheric sulfate load was much higher
than in pre-industrial times, and also than nowadays (Figure S1, Supporting Information). Aerosols were
found to influence precipitation globally and for certain regions (Wilcox et al., 2013; Polson et al., 2014).
Therefore, RRs are subject to changes caused by direct and indirect aerosol effects which may not be
appropriately attributed when using PAST only. Thus, we consider a second set of simulations includ-
ing anthropogenic GHG emissons, but using constant, pre-industrial aerosol concentrations (GHG-only
simulations). As these simulations still include anthropogenic GHG emissions, we also need to consider
a historical period as counterfactual climate (PAST_GHG). Analyzing the difference between PAST and
PAST_GHG allows us to compare the effect of aerosols on European precipitation. The next counterfac-
tual climate, NAT, is forced by observed solar and volcanic boundary conditions, but GHG and aerosol
concentrations are set to pre-industrial levels (i.e., historical natural simulations). The third counterfactual
climate, piC, is obtained from pre-industrial control simulations. These are freely evolving simulations with
GHG concentrations and anthropogenic aerosol emissions representative for the year 1850 but without
historical natural forcing variations, notably volcanic eruptions.

Besides the choice of the counterfactual climate, the selection of the GCM (or GCMs) is also expected to
influence the outcome of an attribution study. Furthermore, the degree of conditioning of the GCM wiill
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Table 1.

Overview of Observation- and Model-Based Event Attribution Methods. SSTpgs Is an Observed SST (Sea Surface Tem-
perature) Dataset and ASST is the Change in SSTs Due to Climate Change, Derived from Models in the Coupled Model
Intercomparison Project (CMIP5)

Factual climate (py) (with Counterfactual climate (p.)
Data basis Name climate change) (without climate change)
Models PRES vs. PAST Anthropogenic forcing simulation Anthropogenic forcing simulation
of present-day period with: of past time period (1960s) with:
(1) Interactive SSTs (1) Interactive SSTs
(2) Prescribed SSTpgg (2) Prescribed SSTpgs
PRES vs. Anthropogenic forcing simulation GHG-only forcing simulation
PAST_GHG of present-day period with: of past time period (1960s) with:
(1) Interactive SSTs (1) Interactive SSTs
(2) Prescribed SSTqgs (2) Prescribed SSTpps?
PRES vs. NAT Anthropogenic forcing simulation Natural forcing simulations
of present-day period with: of present-day period with:
(1) Interactive SSTs (1) Interactive SSTs
(2) Prescribed SSTops (2) Prescribed SSTogg — ASST
PRES vs. piC Anthropogenic forcing simulation Natural forcing simulation
of present-day period with: of pre-industrial time period with:
(1) Interactive SSTs (1) Interactive SSTs
Observations Regression-based Present Past (e.g., 1960s)

@No simulations of this kind are used in this study.

influence the estimate of the RRs. Specifically, SSTs can either be interactively computed by the model or
prescribed, for instance from observations. Thus, we will also contrast RRs from models with interactive and
prescribed SSTs. An additional possibility is provided by simulations where regional climate models (RCMs)
are used to dynamically downscale the generally coarse-resolution GCM output.

3. Methods and Data

3.1. Computation of Risk Ratios

As a result of diverse availablility of sample sizes, we use different methods to calculate RRs from models
and observations. For the model-based RR, we assume that the precipitation data follows a gamma dis-
tribution (Stagge et al., 2015). We fit one gamma distribution to the simulated factual precipitation, and
another to the counterfactual precipitation. From these two gamma distributions, we compute the proba-
bility that the precipitation amount will be below the chosen threshold, in the factual climate (p;) and the
counterfactual climate (p.). We calculate uncertainties in a Bayesian setting and use a Markov Chain Monte
Carlo (MCMC) sampler that is affine-transformation invariant (Goodman & Weare, 2010; Foreman-Mackey
et al,, 2013) to estimate the parameters of the gamma distributions. Starting from non-informative priors,
the converged posterior distributions (50,000 non-independent samples) give an estimate of the parameter
uncertainty.

For the observation-based event attribution, we follow a recent study (Gudmundsson & Seneviratne, 2016)
and fit the precipitation data to a generalized linear model (GLM; McCullagh & Nelder, 1989) with global
mean temperature as covariate, assuming a logarithmic link function and gamma distributed residuals.
Global mean temperature from a global surface temperature dataset is smoothed with a LOWESS (locally
weighted scatterplot smoothing) filter (Cleveland, 1979; using 5% of the data) to minimize the influence
of the El Nifio-Southern Oscillation (van Oldenborgh, 2007). For the factual climate (p;), we insert the
global mean temperature of 2015 into the GLM. For the counterfactual climate (p.), we use the average
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temperature between 1960 and 1969. The same MCMC algorithm as for the model-based RR is used to cal-
culate the posterior distribution. The return time of the event is calculated as the inverse of the probability
of staying below precipitation of the event (p, ™).

3.2. Observation Data

To assess the uncertainty in observed precipitation, we consider four observational datasets: (1) the Euro-
pean Climate Assessment and Dataset (ECAD) E-OBS dataset (Haylock et al., 2008), (2) the National Oceanic
and Atmospheric Administration’s (NOAA) PREcipitation REConstruction over Land (PREC/L, Chen etal.,
2002), (3) the Climate Prediction Center (CPC) Merged Analysis of Precipitation (CMAP; Xie & Arkin, 1997),
and (4) the Climatic Research Unit (CRU) Time Series dataset (CRU TS, Harris et al., 2014). We employ the
Goddard Institute for Space Studies (GISS) analysis of global surface temperature (GISTEMP, Hansen et al.,
2010) as our global mean temperature dataset.

3.3. Model Data

For the model-based assessment of European drought risk, we use simulations from a total of 23 climate
models. Three types of models are considered: GCMs which have interactive SSTs, GCMs with prescribed
SSTs, and RCMs downscaling the output of GCMs.

Most of the considered models (19) have interactive SSTs and stem from the Coupled Model Intercom-
parison Project, Phase 5 (CMIP5; Taylor et al., 2012, Table S1). The factual climate (PRES) is estimated with
simulations forced with the representative concentration pathway (RCP) 8.5 scenario (Meinshausen et al.,
2011), because the historical simulations from CMIP5 end in 2005. RCP8.5 deviates slightly from the obser-
vations by now, however, the differences between the scenarios are not relevant until after 2030 (Kirtman
etal., 2013). The modeled SSTs in the CMIP5 simulations do not correspond to the observed SSTs in the
corresponding year, therefore we use a 20-year window around the event (2006-2025 for PRES). For PAST,
we use historical simulations and select the years from 1951 to 1970. PAST_GHG is obtained from GHG-only
simulations (also using 1951-1970), to assess the importance of aerosols for European precipitation within
CMIP5. NAT is estimated from historical natural CMIP5 simulations. As these end in 2005, we select the years
from 1986 to 2005. Finally, for piC, we use the last 200 years of the longest pre-industrial control simulation
from each model, such that all GCMs contribute the same number of data points and the end point is closest
to the starting point of the historical simulations to minimize the effects of model drift.

Two atmosphere-only models, namely HadGEM3-A and HadAM3P (as employed in the weather@home,
w@h, volunteer-distributed modeling framework) (Massey et al., 2015) are used in our analysis (Text S1 and
S2). Both models prescribe SSTs. They are forced with observed SSTs and sea ice at the lower boundary
in order to simulate the factual climate. For the counterfactual climate, a climate change signal (ASST) is
removed from the SST observations. ASST is derived from historical and historical-natural CMIP5 simula-
tions. For HadGEM3-A, ASST is estimated from the multi-model mean, while for w@h 11 individual CMIP5
models are used (Schaller et al.,, 2016). Natural sea ice conditions are estimated by either using the maxi-
mum observed sea ice extent (for w@h, the winter of 1986/1987 as the employed dataset starts in 1985)
or via the observed relationship between observed temperature and ice-coverage (HadGEM3-A). The last
two of the 23 considered models are RCMs from the the Coordinated Downscaling Experiment over the
European Domain (EURO-CORDEX, Jacob et al.,, 2014). Each RCM is forced with boundary conditions from
historical and RCP8.5 simulations from five GCMs participating in CMIP5 (Text S3).

3.4. Post-processing

All observational and model data undergoes the same post-processing. We first calculate cumulative
June-to-August (JJA) precipitation on land, area-averaged over the Central European region defined in the
Special Report on Managing the Risks of Extreme Events and Disasters to Advance Climate Change Adap-
tation (SREX, Seneviratne et al., 2012) on the original grid of each dataset. All area-averaged data (models
and observations) are then bias-corrected using a power transformation (Gudmundsson et al., 2012) to
best match the cumulative density function of the E-OBS dataset for the period 1965-2013 (1985-2013 for
the w@h simulations and 1971-2013 for the RCM simulations). This is done for every model individually,
pooling all available ensemble members. The same bias correction is then applied to the counterfactual
simulations.
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Figure 2. Precipitation in Central Europe. (a) Map of precipitation anomaly over Europe for the summer of 2015 (June-to-August (JIA),
relative to 1965-2013). The black outline shows the study region. (b) Absolute precipitation over the study region for four observational
datasets (see Section 3.2). The horizontal lines denote the lowest (P2015, thick line) and second lowest (P1992, thin line) observed
precipitation in the E-OBS dataset. We use P1992 as threshold to compute p; and p, (see Figure 1). The gray shading indicates the
reference period (1965-2013).

4, Results

The cumulative precipitation anomaly in Central Europe was very large in 2015, it was smaller than —140 mm
in some regions (Figure 2a). Averaged over the target area, 2015 was the driest year on the observational
record (Figure 2b and Orth et al.,, 2016). To assess the anthropogenic influence on this event, we estimate
the probability of staying below a precipitation threshold in the factual (p) and counterfactual (p,) climate.
As threshold, we choose the largest observed event before 2015 (Figure 2b) to avoid a selection bias (Stott
et al,, 2004). Thus, we do not estimate the RR for the exact event, but for a class of events more severe than
the driest summer before 2015.

We start our assessment with GCM simulations with interactive SSTs (i.e., a fully coupled ocean) obtained
from CMIP5. Although the multi-model mean precipitation over Europe shows only a small bias (Flato et al.,
2013), individual models exhibit considerable offsets (Figure S2), which we correct for (Section 3.4). The
assumption of gamma-distributed data is visually assessed with quantile—quantile (QQ) plots of the histor-
ical simulations (Figure S3). The QQ plots give high confidence that the gamma distribution is appropriate
to describe the used rainfall data. To derive a comprehensive attribution statement with several GCMs, it is
common to pool individual models (Lewis & Karoly, 2013). In Figure 3a, we present two model pools based
on all used CMIP5 members: (1) every ensemble member of each model (Table S1), and (2) one ensem-
ble member of each model (to assign each model equal weight). Comparing the factual climate to the
pre-industrial control simulations (PRES vs. piC) indicates a strong human contribution to the 2015 drought
when considering all ensemble members, but not when considering one ensemble member per model. In
contrast, an anthropogenic influence on European drought risk is uniformly suggested when using histori-
cal natural simulations as counterfactual climate (PRES vs. NAT). Note that, PRES and NAT do not share the
same base period, and consequently their natural forcing differs, especially the volcanic aerosols. However,
aligning the base period by using the years from 1986 to 2005 for PRES, changes the RRs only slightly (Figure
S4a). Finally, with a historical period as counterfactual climate (PRES vs. PAST and PRES vs. PAST_GHG), the
pooled CMIP5 ensembles indicate no human influence on precipitation. Additionally, we show a RR derived
from 10 high-resolution RCM simulations, but only PRES versus PAST can be compared, as no simulations
without anthropogenic forcing are available. The RCM-based assessment conforms to the CMIP5-derived
RRs (PRES vs. PAST) and yields no detectable precipitation signal. Note that, however, PAST includes the high
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Figure 3. Risk ratios (RRs) for all model simulations, datasets, and counterfactual climates considered in this study. Bars show the best estimate (median) and 95% credibility interval
of RR on a logarithmic axis. Dates in the legends indicate years used to estimate p; and p, respectively. (a) Pooled general circulation models (GCMs) with interactive sea surface
temperatures (SSTs) from the Coupled Model Intercomparison Project, Phase 5 (CMIP5), and regional climate models from the Coordinated Downscaling Experiment over the
European Domain (EURO-CORDEX) for four counterfactual climates (Table 1). (b) Individual GCMs (from CMIP5) with five ensemble members each. (c) Model simulations with
prescribed SSTs. On the left HadGEM3-A and the pooled w@h simulations. On the right all 11 w@h simulations forced with individual ASST patterns. (d) RRs for four observational
datasets. See Table S2 to Table S4.
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aerosol levels present during this time period (Figure S1). These comparisons show a first striking result.
Namely, that the choice of the counterfactual climate used as a baseline can strongly affect the conclusions
reached with respect to event attribution.

While the choice of counterfactual climate was found to be central to the result, we also expect that the
results are dependent on the considered models. We assess the inter-model spread for the five GCMs with
at least five ensemble members (Figure 3b). For PRES versus piC, only one out of the five models show
significantly increased RRs. Using NAT as counterfactual climate yields RRs with a particularly large range.
Three models suggest no change in drought risk, one (CSIRO-Mk3-6-0) indicates a doubling of the drought
risk (lower uncertainty bound), while another (GISS-E2-H) suggests half the drought risk (upper uncertainty
bound). PRES versus PAST_GHG yields similar RRs to PRES versus NAT. Finally, for PRES versus PAST the model
results mostly conform to the multi-model RRs. Only CSIRO-Mk3-6-0 suggests an attributable increase in
drought probability. Aligning the base period for PRES to the base period of NAT increases the RRs for all
models, except CAN-ESM2 (Figure S4b). In essence, different subsets of CMIP5 models and counterfactual
climates produce different attribution statements.

Next, we assess GCM simulations with prescribed SSTs (HadGEM3-A and w@h), where ocean temperatures
are used as lower boundary condition. European summer precipitation is close to observations in Europe for
HadGEM3-A (Figure S2), but w@h shows a large absolute bias and overestimates variability (Massey et al.,
2015). Therefore, we also bias-corrected these simulations. Comparing PRES versus NAT for HadGEM3-A
and the pooled w@h simulations yields a RR that is indistinguishable from one—no human influence is
detectable (Figure 3c). The w@h simulations highlight the important role of different ASST patterns. Eight
of them yield no significant change in drought risk, but the other three indicate a reduced drought prob-
ability. A comparison of w@h simulations under GHG-only, PRES, and NAT conditions (Figure S5) indicates
that the anthropogenic increase in GHGs led to a drying, while the higher aerosol load caused a wetten-
ing. These changes are likely linked to the projected expansion of the extratropical zone of higher pressure
which is particularly sensitive to rainfall changes over the Mediterranean region in summer in the current
generation of GCMs, including HadGEM3-A and w@h. Thus, it may well be that the mostly-insignificant
RRs are due to the compensating effect of GHGs and aerosols in these models. The w@h simulations only
start in 1985, therefore we cannot compare PRES versus PAST. In HadGEM3-A, PRES versus PAST points to
an increased drought risk and is highly significant. This could either be due to the different aerosol con-
centrations between the periods or because of negative precipitation trends in HadGEM3-A, which are in
disagreement with observations (not shown).

Finally, we perform an observation-based event attribution analysis with four datasets (Figure 3d). Precipita-
tionis regressed against smoothed global mean temperature, which is considered a proxy of climate change
(van Oldenborgh, 2007; Otto et al., 2012; Gudmundsson & Seneviratne, 2016). The observation-based RRs
have comparatively large confidence intervals, the RRs range from 0.01 to 13.4 (95% confidence interval),
and none of the datasets indicate a change in Central European drought risk, in line with Gudmundsson
and Seneviratne (2016). Using only global mean temperature in the regression analysis ignores potential
aerosol effects, although they can influence regional-global precipitation (see discussion in Section 2). In
fact, comparing the precipitation and the anthropogenic aerosol time series (Figure S1a and S1c), gives
no indication of such a relationship operating in Europe, and a regression analysis confirms this. Years fol-
lowing large volcanic eruptions often have small precipitation amounts (Figure S1a and S1b), in line with
earlier findings (e.g. lles & Hegerl, 2015). This is not directly relevant for 2015, as no major volcanic erup-
tion happened in the past few years. However, to rule out that the influence of the volcanoes could mask
a trend in the regression, we re-computed the regression analysis, excluding years with high stratospheric
aerosol concentrations, and still found no significant signal of global mean temperature or anthropogenic
aerosols. Precipitation trends are not homogeneous in Central Europe —they tend to be positive in the east
and negative in the west (not shown). However, even when splitting the region into a western and eastern
part, no human influence is detected in the observations. The return time of the precipitation amount in
2015 is larger than 90 years (lower uncertainty bound at the 2.5th percentile). Results with an alternative
observation-based methodology also show only a small precipitation difference between a recent and past
time period, and are thus consistent with the regression-based assessment (Figure S6). This second method
evaluates the thermodynamic effect of climate change (Analogue Method, Text S4).
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5. Conclusions

The comprehensive assessment to attribute a human impact on the 2015 European summer drought pre-
sented in this study illustrates the complexity of the exercise. We find that the drought could be more likely,
less likely, or unaffected by anthropogenic forcing, depending on the methodology and data source. Thus,
we are not able to conclusively determine whether the 2015 drought was attributable to anthropogenic
forcing. We note, however, that the RR with the largest signal-to-noise ratio, obtained by maximizing the
number of considered models (whole CMIP5 ensemble) and using the largest forcing difference (through
using pre-industrial GHG concentrations), suggests a detectable human influence on the likelihood of Cen-
tral European droughts. This result should not be overstated though: the uncertainty of the multi-model
assessment could be too small, as the individual models are not fully independent (Knutti et al., 2013).
Additionally, great care has to be taken when interpreting results from pre-industrial control simulations,
as natural forcings can be different from historical simulations (Taylor et al., 2012) and some models may
have drift. We try to minimize the effect of model drift by using the last years of the pre-industrial con-
trol simulations. Note that RRs are indeed sensitive to the time period used from the pre-industrial control
simulations (Figure S7). Using the mid-20th century as counterfactual climate (PRES vs. PAST and the obser-
vations), on the other hand, may underestimate the climate change signal, because one-third of the GHG
forcing, and a large part of the anthropogenic aerosol forcing occurred before this period. When tested with
CMIP5, however, the net effect was found to be negligible (Figure S8). The effect of aerosols on Central Euro-
pean precipitation was found to be small. Nonetheless, anthropogenic and volcanic aerosols can influence
the climate (Chalmers et al., 2012; Wilcox et al., 2013; lles & Hegerl, 2015), and its influence may need to
be considered in extreme event attribution. Furthermore, our analysis reveals a strong model dependency,
consistent with earlier findings for drought projections (Orlowsky & Seneviratne, 2013). Additionally, GCMs
miss some observed precipitation trends, especially near coasts (van Haren et al., 2013). Finally, precipita-
tion has a large interannual variability, which may mask existing trends (Orlowsky & Seneviratne, 2013).
We restricted our analysis to meteorological droughts and would expect a stronger anthropogenic signal
in other hydrological variables with a tighter link to temperature (e.g. soil moisture or precipitation minus
evapotranspiration).

In this study, we highlight that any event attribution statement can—and will —critically depend on the
researcher’s decision regarding the framing of the attribution analysis, in particular with respect to the
choice of model, counterfactual climate, and boundary conditions. This suggests that single-model assess-
ments could overlook, or falsely detect signals, even when using a large number of ensemble members, an
approach commonly applied in the literature (Otto et al., 2012; Sippel et al., 2016; Dong et al., 2016; Schaller
etal,, 2016; Mitchell et al., 2016). Our results also emphasize the difficulty of attributing drought events,
even for an event as extreme as the 2015 drought, an aspect possibly underestimated in the research com-
munity (NAS, 2016) but in line with findings from other drought attribution studies (Shiogama et al., 2013;
King et al., 2014; Kelley et al., 2015; Wilcox et al., 2015; Otto et al., 2015; Gudmundsson & Seneviratne, 2016).
In the view of the consideration of event attribution in legal frameworks, it is thus crucial to assess human
influence on climate extremes using multi-model and multi-method based event attribution.
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