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Figure 1. (a) Comparison between the volcanic forcing (Gao et al., 2008) used in the isotope-enabled Community
Earth System Model (iCESM) simulation (Brady et al., 2019; Stevenson et al., 2019) and the eVolv2k version 3 Volcanic
Stratospheric Sulfur Injection (VSSI) compilation (Toohey & Sigl, 2017). The triangles denote the selected six large
events between 1400 and 1850 CE. (b) Superposed epoch analysis (SEA) on simulated and reconstructed temperature
response to the 12 strongest volcanic eruptions since 1400 CE, reproduced from IPCC AR5 (Masson-Delmotte et al.,
2013) Figure 5.8b. (c) SEA on annual Northern Hemispheric mean temperature (NHMT) simulated by nine global
climate models (GCMs) (section 2.2, supporting information, Table S1) and Last Millennium Reanalysis (LMR)
reconstructions assimilating the whole network (solid black curve with shading), the tree-ring network (dashed brown
curve), the tree-ring width (TRW) network (solid green curve), and the maximum latewood density (MXD) network
(solid blue curve), respectively. The shading encompasses the 5% and 95% quantiles of the ensemble, while the curves
indicate the ensemble median (see Text S1 for details about ensemble scheme).

volcanic eruptions over the lastmillennium remain unknown (Sigl et al., 2015; Stevenson et al., 2017) as does

themagnitude of the radiative forcing (Timmreck et al., 2009). A critical question iswhether thismismatch is

an artifact of uncertainties in (1) the paleoclimate proxy observations, (2) the reconstruction process, (3) the

forcing estimates, (4) climate model physics, or (5) a combination thereof (Anchukaitis et al., 2012; D'Arrigo

et al., 2013; LeGrande & Anchukaitis, 2015; Stevenson et al., 2016; Stoffel et al., 2015; Timmreck, 2012).

Herewe explore fourmajor sources of uncertainty in reconstructions of surface air temperature over the past

millennium: spatial coverage, seasonality, biological memory, and proxy noise. We do so in the context of

a paleoenvironmental data assimilation (PDA) framework, the Last Millennium Reanalysis (LMR) (Hakim

et al., 2016; Tardif et al., 2019), which provides an objective basis for combining information from proxies

and models. We show here that the discrepancy in Figure 1b is present in our reconstruction (Figure 1c),

but that it can be largely reconciled by accounting for the aforementioned sources of uncertainty.

2. Data andMethods
2.1. Paleoclimate Data Assimilation

We apply the paleoenvironmental data assimilation framework of LMR (Hakim et al., 2016; Tardif et al.,

2019) to both pseudoproxy and real proxy data networks. LMR uses an offline ensemble data assimilation
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procedure for multivariate climate field reconstruction (Steiger et al., 2013), where information from a prior

expectation of the climate, derived froma climatemodel, is optimally combinedwith information fromproxy

records. The relative weights are determined from the error ratio in these two estimates of the climate, as

defined by the update equation in the Kalman filter, which is optimal if the errors are unbiased and normally

distributed.

The essential components of the procedure are (1) existing climate model data for the prior expectation,

which we take from a last millennium simulation from the isotope-enabled Community Earth System

Model (iCESM) (Brady et al., 2019; Stevenson et al., 2019); (2) proxy data networks, which we take from

the PAGES2k phase 2 compilation (PAGES 2k Consortium, 2017, Figure S1) and the Northern Hemisphere

Tree-Ring Network Development (NTREND) compilation (Anchukaitis et al., 2017; Wilson et al., 2016a,

Figure S7); and (3) a “forward operator” or proxy system model (PSM), which predicts the proxies given

the climate state. Here the forward operator is a linear regression procedure, univariate on annual temper-

ature for corals and ice cores, univariate on seasonal temperature for maximum latewood density records,

and bivariate on seasonal temperature and seasonal precipitation for tree-ring width records, as in Tardif

et al. (2019). Further details of the LMR data assimilation procedure for paleoclimate reconstruction may

be found in Hakim et al. (2016).

This study utilizes a fast implementation of the LMR framework, LMRt (Zhu et al., 2019) for computational

convenience. As a benchmark, a reconstruction of the spatiotemporal variations of surface temperature over

the Common Era is conducted, using iCESM as the model prior and the PAGES2k network as observations.

As expected, the DA procedure yields a substantially better estimate of the temporal variability in the tem-

perature field than the prior, as quantified by the pointwise correlation with an independent instrumental

temperature field (see section 2.2) (Figures S2c and S2d). This reconstruction skill level is comparable to a

previous implementation of LMR (Tardif et al., 2019) and supported by the similarity between the recon-

structed NHMT using both versions of the code (Figure S2a). For a more in-depth evaluation of the LMR

framework, see Tardif et al. (2019).

To assess the impact of the choice of prior and enable comparison with the LMR version of record (Tardif

et al., 2019), we also tested assimilation using the CCSM4 simulation of Landrum et al. (2012) as the model

prior. We find virtually identical results, with no significant difference detected in the temperature response

to volcanic eruptions after 1400 CE (compare Figure S2a to Figure S2b, Figure 1c to Figure S14a, and

Figure 4a to Figure S14b).

2.2. Simulated and Instrumental Temperature Observations

In order to compare paleoclimate reconstructions to climate models, we consider simulations of past mil-

lennium climate from the following models: iCESM and CESM1 (Otto-Bliesner et al., 2015), as well as

the PMIP3 models (Braconnot et al., 2012; Schmidt et al., 2012), including BCC CSM1.1 (Wu et al., 2014),

GISS-E2-R (Schmidt et al., 2006), HadCM3 (Gordon et al., 2000), IPSL-CM5A-LR (Dufresne et al., 2013),

MIROC-ESM (Watanabe et al., 2011), MPI-ESM-P (Giorgetta et al., 2013), CSIRO (Rotstayn et al., 2012), and

CCSM4, as listed in Table S1.

We also use two sets of instrumental temperature observations, including the Berkeley Earth instrumental

temperature analysis (Rohde et al., 2013) and the Goddard Institute for Space Studies (GISS) Surface Tem-

perature Analysis (GISTEMP) (Hansen et al., 2010). GISTEMP and the gridded precipitation dataset (V6)

from the Global Precipitation Climatology Centre (GPCC) (Schneider et al., 2014) are also used for PSM

calibration in the bivariate framework of Tardif et al. (2019).

2.3. Superposed Epoch Analysis

Superposed epoch analysis (SEA) (Haurwitz & Brier, 1981) is a frequently used technique to assess the tem-

perature response to volcanic eruptions (Adams et al., 2003; Masson-Delmotte et al., 2013; Rao et al., 2019).

It consists of aligning temperature anomaly series to the timing of volcanic eruptions within a fixed time

window prior to and following the event and averaging these responses to estimate the typical response

to eruptions. The IPCC AR5 (Figure 1b) considered the reconstructed temperature response to the twelve

strongest eruptions since 1400 CE. Based on the temporal coverage of available proxies and model simula-

tions, aswell as the scientific knowledge of the eruptions, we selected a smaller set of six large andwell-dated

eruption events over the years 1600–1850 CE that are consistent in timing in both the volcanic forcing used

in iCESM (Gao et al., 2008) and the most recent compilation of volcanic stratospheric sulfur injections
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(Toohey & Sigl, 2017) (Figure 1a). For further details about the selection, see Text S3. The LMR response to

individual events of the entire millennium is shown in Figures S10–S12.

3. The Discrepancy and its Causes

Figure 1b highlights discrepancies between model simulations and reconstructions in three aspects: (1) the

magnitude of the peak cooling, (2) the timing of the peak cooling, and (3) the length of the recovery. Specif-

ically, model simulations show a stronger peak cooling amplitude, a slightly earlier peak cooling, and a

shorter recovery interval than the reconstructions. A similar discrepancy pattern can be seen when com-

paring the LMR reconstruction assimilating the PAGES2k network to the model simulations (Figure 1c).

Comparing results for solutions assimilating the entire PAGES2k network [LMR (all), solid dark gray curve]

to those assimilating only its tree-ring records [LMR (TRW+MXD), dashed brown curve], we see that most

of the reconstructed volcanic cooling originates from the information captured by the tree-ring network.

The latter consists of two main observation types: (1) tree-ring width (TRW) and (2) maximum latewood

density (MXD). Assimilating these two proxy types separately, however, shows different responses to vol-

canism: TRWyields a lagged peak cooling year and amore prolonged recovery thanMXD. This suggests that

the difference between these two proxy types is key to understanding the different volcanic cooling patterns

in reconstructions.

Previous studies (LeGrande &Anchukaitis, 2015; LeGrande et al., 2016; Stoffel et al., 2015; Timmreck, 2012;

Timmreck et al., 2009) have investigated the components of the PMIP3 models that could potentially result

in overestimated cooling in simulations. Here, with a focus on proxies and reconstructions, we investigate

four factors that we hypothesize may account for these differences, motivated by prior studies and exist-

ing knowledge of the tree-ring proxy network: (1) spatial coverage (Anchukaitis et al., 2012; D'Arrigo et al.,

2013), (2) seasonality (Anchukaitis et al., 2017; D'Arrigo et al., 2006; Stoffel et al., 2015), (3) biological mem-

ory (Esper et al., 2015; Frank, Büntgen, et al., 2007; Fritts, 1966; Krakauer & Randerson, 2003; Lücke et al.,

2019; Stoffel et al., 2015; Zhang et al., 2015), and (4) nontemperature “noise” (Neukom et al., 2018; Riedwyl

et al., 2009; von Storch et al., 2004).

3.1. Spatial Coverage

The PAGES2k network is composed of 336 TRW records and 59MXD records over theNorthernHemisphere

(NH). MXD records in PAGES2k are mainly limited to North America and Scandinavia, while the TRW

records cover both North America and Asia. Evaluating the correlation between the LMR reconstruction

and the Berkeley Earth instrumental temperature analysis (Rohde et al., 2013) over the instrumental era

over 1880–2000, we see that assimilating the TRW network yields a greater improvement over the model

prior than assimilating the MXD network (Figures 2a and 2b). Is this difference due to the location or the

quantity of each type of proxy record? To investigate this question, we use a pseudoproxy experiment (PPE)

(Smerdon, 2011). We set the annual iCESM simulated temperature as our truth and use it as model prior in

the DA framework (a “perfect model” scenario). Pseudoproxies are defined as perfect temperature recorders

at three sets of locations: (1) the locales of all the 336 NH PAGES2k TRW records, (2) the locales of randomly

picked 50 PAGES2k TRW records over North America, and (3) the locales of randomly picked 50 PAGES2k

TRW records over the NH.

The result of assimilating these three pseudoproxy networks is shown in Figure S3 (a, b, and c), showing

that better spatial coverage yields a more accurate reconstruction in the PDA framework, with all other

things being equal. This is reflected in SEA as well: Figure 3a shows that assimilating 50 records spread

throughout the NH yields a stronger andmore accurate peak cooling amplitude than assimilating 50 records

concentrated over North America, suggesting that broad spatial coverage is more important than the sheer

number of records for resolving peak cooling amplitude. Location does matter to some degree with regard

to the large-scale teleconnection patterns, and optimal placement could be determined with the approach

of Comboul et al. (2015), yet this is beyond the scope of this investigation.

3.2. Seasonality

An implicit assumption in reconstructing annual temperature with tree-ring proxies is that growing season

temperature is representative of annual temperature (PAGES 2k Consortium, 2017). However, the corre-

lation between summer and annual temperatures in the Northern Hemisphere is high for the oceans but

relatively low over continents (Figure S3f), where the tree-ring records are located. Trees register climate

primarily during their growing season, which varies as a function of geography, species, and climate (Fritts,

ZHU ET AL. 4 of 12



Geophysical Research Letters 10.1029/2019GL086908

Figure 2. Differences between PAGES2k tree-ring width (TRW) and maximum latewood density (MXD) records
regarding (a, b) spatial coverage, (c, d) seasonality detected by the algorithm used in Tardif et al. (2019), and
(e, f) biological memory quantified by the partial autocorrelation function (PACF). (a) The spatial coverage of the TRW
network. (c) The optimal seasonality of the TRW network. (e) The PACF of the TRW network. (b), (d), and (f) are same
as (a), (b), and (e), respectively, but for the MXD network. The color contours in (a, b) indicate the correlation between
the Last Millennium Reanalysis (LMR) reconstructions and the Berkeley Earth instrumental temperature analysis
(Rohde et al., 2013).

1966; St George, 2014; St George &Ault, 2014; Stoffel et al., 2015;Wilson et al., 2016a). Though the PAGES2k

metadata contain some information about the seasonal sensitivity of all proxies, we followTardif et al. (2019)

and identify optimal seasonal windows of temperature and precipitation for each proxy record from a pool

of predefined seasonal windows. The windows are optimal in a least square sense, using calibration over the

historical period. The start and endmonth of the growing season (based on temperature) thus identified are

shown in Figures 2c and 2d. While in the Northern Hemisphere both TRW andMXD proxies record largely

boreal summer conditions, the optimal seasonality for TRW is often broader but typically less consistent

than that for MXD.

As before, we use PPE to investigate the impact of growth seasonality on the temperature reconstruction.

We generate pseudo-PAGES2k TRW records at their real locations as perfect recorders of local summer
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Figure 3. Superposed epoch analysis in pseudoproxy experiments, evaluating the impact of (a) spatial coverage, (b) seasonality, and (c) biological memory and
noise. (a) The red curve denotes the target, and the dashed light green curve, the solid dark green curve, and the solid light green curve indicate the Last
Millennium Reanalysis (LMR) reconstruction assimilating 336 pseudo-PAGES2k tree-ring width (TRW) records over the Northern Hemisphere (NH), 50
records over North America, and 50 records over the NH, respectively. (b) The solid red curve denotes the annual target, the dashed red curve denotes the
boreal summer target, and the green curves indicate the LMR annual and summer reconstructions assimilating the pseudo-PAGES2k TRW network,
respectively. (c) The solid red curve denotes the annual target, and the green curves denote the LMR reconstruction assimilating pseudo-PAGES2k TRW as
perfect temperature recorders
(dashed) and temperature smoothers (solid). The case of smoothed temperature with added Gaussian noise (signal-to-noise ratio [SNR] = 0.3) is in dark green.
All the reconstruction curves refer to the ensemble median (see Text S1 for details about the ensemble design). iCESM = isotope-enabled Community Earth
System Model.

(JJA) temperature and perform experiments targeting both JJA temperature and annual temperature. As

expected, a much better reconstruction is obtained for the boreal summer temperature field than annual

temperature (Figures S3d and S3e). This is also evident in reconstructions using real proxies and instrumen-

tal temperature (Figure S4). Therefore, summer-sensitive trees can only reconstruct annual temperature

to the extent that the summer and annual mean are correlated. While such seasonal effects result in quite

different assessments of reconstruction fidelity, this difference is hardly noticeable in SEA (Figure 3b).

3.3. Biological Memory

Another important difference between TRW and MXD is biological memory, whereby tree growth reflects

the influence of climate in previous years (Esper et al., 2015; Frank, Büntgen, et al., 2007; Fritts, 1966;

Krakauer & Randerson, 2003; Stoffel et al., 2015; Zhang et al., 2015). We quantify the persistence in TRW

and MXD in the PAGES2k using the partial autocorrelation function (Figures 2e and 2f). As expected

(Breitenmoser et al., 2012; Esper et al., 2015; Lücke et al., 2019), we find that biological memory in TRW

across the PAGES2k network is large and significant for lag-1 and lag-2, while forMXD it is limited. Compar-

ing the proxy composites and the corresponding average instrumental temperature at proxy locales, we see

that the MXD composite captures contemporaneous temperature variations, including the accurate timing

of cooling events, while the TRW composite appears to smooth interannual variability and integrate tem-

peratures over 2 to 5 years (Figures S5a and S5b), leading to lagged and persistent cooling events (Frank,

Büntgen, et al., 2007).

To investigate the impact of such biological memory on the magnitude of reconstructed volcanic cooling,

we again turn to PPEs. We simulate a short-term memory effect in TRW by designing pseudoproxies as a

5-yearmoving average of the annual temperature simulated by iCESM, as shown in Figure S5c. Assimilating

these smoothed pseudoproxies yields a prolonged temperature recovery and a peak cooling that is both

damped and lagged (Figure 3c, the solid light green curve). We find that this overall result is not sensitive

to the precise design of the filter used to construct the smoothed pseudoproxies, so long as it captures this

multiple year climate integration in some way. The potential additional influence of soil moisture is not

directlymodeled here, as these lagged relationship are observed in temperature-sensitive TRW chronologies

irrespective of the potential additional influence of soil moisture (Consortium, 2017; Franke et al., 2013),

which we confirm in sensitivity experiments (Figure S15).
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Figure 4. (a) Same as Figure 1c, after resolving differences in the model and proxy domains associated with seasonality,
spatial distribution, and biological memory. (b) Same as (a) but using the NTREND maximum latewood density (MXD)
network. A version of this figure showing each model simulation is available in Figure S9, and one using more
eruption events is available in Figure S13. GCMs = global climate models; LMR = Last Millennium Reanalysis.

3.4. Proxy SystemNoise

So far, our PPEs have employed noiseless temperature recorders for simplicity (a signal-to-noise ratio [SNR]

of infinity, wherein SNR is defined as the ratio of the standard deviation of signal and that of noise, following

existing practice Smerdon, 2011). In reality, of course, proxies are imperfect recorders of climate condi-

tions. To make the PPEs more realistic, we now add uncorrelated Gaussian white noise to the previously

described pseudo-PAGES2k TRW records. Using a linear regression procedure, we estimate a SNR around

0.3 (Figure S6), which is comparable to the estimate of Wang et al. (2014). Since we have already emulated

the biological memory utilizing the moving average filter, we consider white noise instead of red noise to

avoid adding more memory into the pseudoproxies. The addition of noise to the previous case yields a more

similar SEA pattern (Figure 3c, solid dark green curve) to the real-world case (Figure 1c, solid green curve):

a more damped and prolonged recovery compared to the noiseless case.

Considering the four factors above, we are thus able to simulate the observed discrepancy betweenmodeled

and reconstructed NH temperature response to volcanic eruptions. Can this knowledge be used tominimize

this discrepancy?

3.5. Reconciling the Discrepancy

In the present context, noise reflects any nontemperature influence on the proxy systems, including other

climate influences like soil moisture, or biophysical processes that cannot be adequately modeled due to

insufficient scientific knowledge, limited input data, or both. The first three factors can, however, be cor-

rected: to account for the limited spatial coverage, we perform SEA at proxy locations instead of the whole

NH; to minimize the seasonal bias, we target boreal summer temperature instead of annual temperature;

and to mitigate memory effects, we assimilate MXD records only, leaving out TRW and mixed chronolo-

gies. As a result, we are able to almost entirely account for the proxy-model discrepancy in Figure 1 with

the PAGES2k network (Figures 4a and S11). The same strategy can be used for other proxy networks. For

comparison, applying it to the NTREND network (Anchukaitis et al., 2017; Wilson et al., 2016a) (Figure S7)

yields similar agreement between simulated and reconstructed temperature (Figures 4b and S12). These

results stand in sharp contrast to results where spatial coverage, seasonality, and biological memory are not

taken into account (Figure S8).

That the discrepancy in Figure 1b can be largely reconciled by accounting for known characteristics of the

proxy data is reassuring and bodes well for using volcanic eruptions of the past millennium as a test bed for

climate models. We now discuss the broader implications of this result.

4. Discussion

Using recent proxy compilations and climate field reconstruction techniques, we have demonstrated that it

is possible to largely resolve the discrepancy between the simulated and reconstructed temperature response
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to explosive volcanism since 1600 CE. We find that this gap was the result of four main factors: spatial cov-

erage, proxy seasonality, biological memory, and proxy noise. While proxy noise is difficult to account for in

model-data intercomparisons, the first three factors can be, if care is taken in evaluating comparable quan-

tities. In particular, since our reconstructions are more reliable at locations where proxies are available than

at distal locations (Anchukaitis et al., 2017), carrying out the comparison at proxy sites is a simple and effec-

tiveway to reduce themismatch. That this is also true in the data assimilation framework (Steiger et al., 2013)

suggests that expanding the spatial extent of proxy network is necessary to resolve global-scale patterns. For

very large eruptions such as the 1257 Samalas eruption, the 1450s eruptions, and the 1815 Tambora erup-

tion, however, significant mismatches remain between model simulations and reconstructions even when

these factors are accounted for (Figures S11 and S12). While this has little impact in a composite over all

events (Figure S13), it warrants discussion.

Previouswork and our own analysis suggests threemajor causes: (1) proxy attrition, (2) aerosolmicrophysics

in models, and (3) uncertainties in volcanic forcing.

(1) In the absence of reliable proxy data, offline data assimilation reverts to the model prior for its estimate

of climate. This results in generally damped variations in periods of reduced and/or noisy coverage, as

seen by comparing the first to second millennium CE in Figures S2a and S2b. Here we have mitigated

this problem by focusing on the recent period with relatively high proxy coverage, but it is undoubtedly

an ingredient in the mismatch observed for earlier eruptions like Samalas, when relative few proxies are

available, especially MXD records (Figures S1b and S16a).

(2) Some CMIP5-era global climate models produce overly strong responses to volcanic forcing due to unre-

alistic representation of aerosol microphysics (LeGrande et al., 2016; Stoffel et al., 2015; Timmreck, 2012;

Timmreck et al., 2009). Both Timmreck et al. (2009) and Stoffel et al. (2015) suggest that the discrep-

ancy is caused by the simplistic assumption used in PMIP3 models that aerosol optical depth is linearly

scaled to ice core sulfate concentration. This assumption uses the 1991 Pinatubo eruption as the refer-

ence and is unlikely to be valid for many significantly larger eruptions. As shown by Stoffel et al. (2015),

accounting explicitly for self-limiting aerosol microphysical processes can reconcile this discrepancy, an

idea later confirmed by Guillet et al. (2017) with both documentary and tree-ring data.

(3) Many PMIP3models used theGao et al. (2008) forcing dataset, where the reconstructed Samalas aeorosol

loading was exceedingly large, and has since been revised downward (Jungclaus et al., 2017). There is

also lingering uncertainty as to themagnitude, timing, and location of twomajor events during the 1450s

(Hartman et al., 2019; Sigl et al., 2015; Toohey & Sigl, 2017). Besides, apparent cooling from a 1761 erup-

tion in some model simulations is actually the result of the misalignment of the 1783 forcing in the

uncorrected version of the Gao et al. (2008) forcing (Stevenson et al., 2017). Regardless of changes in

physics, the revision in volcanic forcing alone would help to reduce the discrepancy.

Progress in representing volcanic forcing (Aubry et al., 2019; Toohey & Sigl, 2017), as well as improvements

in model resolution and processes (e.g., active stratospheric chemistry) in PMIP4 (Kageyama et al., 2018)

may lead to closer model-datamatches in future work. Regardless of these factors, our analysis suggests that

a critical ingredient ofminimizing themodel-reconstructionmismatch is to evaluate simulated temperature

at the times and places where it is recorded by the proxy sensors (Anchukaitis et al., 2012). Naturally, past

temperature estimates may be improved as well. While this study has focused on the uncertainties in proxy

measurements in the context of paleoenvironmental data assimilation, more work should be done to reduce

sources of uncertainty within the data assimilation method itself, such as the forward operator error, the

model prior, and the localization scheme, as the coupling of all these uncertainty sources can potentially

affect the SEA comparison. In particular, forward operators that allow for noncontemporaneous influences

of the state on the proxies (e.g., time integration, as is believed to be the case for TRW Fritts et al., 1991;

Vaganov et al., 2006) would enable us to make better use of the information contained in TRW records.

While such process-oriented models have been developed (Evans et al., 2013; Tolwinski-Ward et al., 2011),

their application to the DA context is contingent upon accurate specification of observation error variance

and correcting for biases in the model prior. Both tasks remain active research areas (Dee et al., 2016).

With regard to proxies, we have confirmed that the lagged cooling exhibited in previous reconstructions

can be explained as the consequence of their using TRW records. Other proxies that integrate climate

information over multiple years (e.g., bioturbated sediments) likely have a similar impact in multiproxy

reconstructions. Since MXD records are more faithful paleotemperature sensors than TRW records (Esper
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et al., 2015, 2018), we join others in calling for increased collection and development of MXD records

(Anchukaitis et al., 2017; St George & Esper, 2019), particularly at locations where they are presently absent

or cover only part of the last millennium, for example, the North American treeline and at high elevations

in Asia (Anchukaitis et al., 2017; Esper et al., 2018).

While our approach reconciles the discrepancy between model and proxy estimates of the surface tempera-

ture to moderate eruptions of the last 400 years, important differences remain for large events like Tambora

or Samalas. For such eruptions, improved estimates of the forcing, a more realistic model representation

of aerosol microphysics, and—for events sparsely sampled by existing proxy network—an expanded proxy

coverage may be necessary resolve extant differences. Future work will help elucidate the relative role of

these three factors on this particular comparison.
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