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Abstract Because of internal variability in both the real-world and global climate models, it is unclear
whether disagreement between models and observations reflects true systematic differences, or different
phasing of internal variability in the short observational period. Here, we address this issue through an
examination of moderate-to-heavy precipitation in large ensembles of global climate models. We find
that model inconsistency with a global observational product is lowest for extratropical precipitation in
northern hemisphere winter. The inconsistency is systematically greater for the southern hemisphere
winter, but the difference between hemispheres could be due to observational quality. Moderate-to-heavy
extratropical winter precipitation is less inconsistent than moderate-to-heavy tropical precipitation in
most models. Within the tropics, moderate-to-heavy precipitation is particularly inconsistent with the
reference in regions including the Caribbean (especially during JJA), the northern and southern flanks of
the Pacific and Atlantic ITCZ, and the Indian Ocean.

Plain Language Summary Among the challenges of evaluating precipitation in climate
simulations are relatively short periods of observations in the satellite era. We introduce a method using
large ensembles of global climate model (GCM) simulations that are identical but for perturbed initial
conditions, which can help to circumvent this challenge. By examining large ensembles from five different
GCMs, we identify common areas in which there are deficiencies either in observational assimilation
and/or GCM process representation. GCMs generally agree better with observations of moderate-to-
heavy precipitation in the northern hemisphere winter, where they can resolve the processes leading to
precipitation, than in the tropics where convection dominates or the southern hemisphere where the
quality of the observations is lower.

1. Introduction and Background

Precipitation is a complex field to simulate in global climate models (GCMs), as even the most sophisticated
models must rely on multiple sub-grid scale parameterizations to represent it. The choice of convective
parameterization is a key source of model disagreement, relating to microphysics (e.g., Zhao et al., 2016),
closure schemes (e.g., Qiao & Liang, 2016), or nonlinear interaction among parameterization choices (e.g.,
Liu et al., 2018). These structural differences lead to large differences among GCM projections of future
local precipitation change (Fldschner et al., 2016; Kharin et al. 2007), despite the changes being controlled
at the global scale by atmospheric energy balance (DeAngelis et al., 2015; Pendergrass & Hartmann, 2014).
Sometimes the choice of parameter value within a scheme (parametric uncertainty) can be as large an un-
certainty source as the choice of method (e.g., Morales et al., 2019).

Despite these issues, there are important aspects of precipitation projections about which models agree.
GCMs universally agree that global mean precipitation increases with planetary warming, a result that
has a simple thermodynamic explanation (Chou et al., 2009; Held & Soden, 2006). Extreme precipita-
tion is projected to increase at an even greater rate than mean precipitation as the planet warms (Kharin
et al., 2007, 2013; Sun et al., 2007), a feature that has already been observed (Fischer & Knutti, 2016).

Studies that seek to improve process understanding of precipitation should be complemented with insights
into model quality that uncover systematic errors across an ensemble (Eyring et al., 2019). However, if
we wish to compare a GCM simulation to an observational product for precipitation we confront several
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challenges: short time series, the known systematic excess of light precipitation in GCMs, and the quality
of the observations.

The first challenge is the relatively short observational time series. Satellites can be used to fill spatial gaps
left by sparse station data, but have only been in operation since approximately the early 1980s or later.
Our understanding of internal variability in temperature (Deser et al., 2016) and modes of variability in
long GCM control runs (e.g., Deser et al., 2012) suggests that the period since the beginning of the satellite
era may be too short. Further evidence comes from studies showing major decadal fluctuations in mean
precipitation (Gu & Adler, 2018). The highly skewed nature of this distribution also dictates caution in
evaluating precipitation extremes. The main contribution of this work is to show how large ensembles can
be used to circumvent this problem of short time series. Other work that uses large ensembles to compare
with observations focuses on better-sampled fields like temperature (e.g., Maher et al., 2019; McKinnon
et al., 2017; Suarez-Gutierrez et al., 2018), and/or smaller regions with more complete datasets (e.g., von
Trentini et al., 2020), for which longer time-series are available.

A second issue is a well-known excess of light precipitation in GCMs (Stephens et al., 2010). There are
promising hypotheses to explain this model behavior and its connection to projected changes, in terms of
energy balance, and a trade-off between extreme and non-extreme precipitation in simulations. For exam-
ple, increases in extreme precipitation are typically offset by decreases at less intense precipitation rates
in a regionally (and temporally) dependent manner (Thackeray et al., 2018). The excess of simulated light
precipitation is an issue for approaches that compare the entire distribution, as it can influence the total
precipitation and shape of the frequency distribution. Here, we apply a threshold meant to exclude these
lower rain rates and examine only the rest of the precipitation distribution instead.

The third challenge is the quality of the observational record. Precipitation varies greatly on small spatial
scales. Stations are scattered unevenly and are often absent altogether at topographic extremes (Touma
et al., 2018). As mentioned, the satellite record is short and incomplete, and is often used to fill data gaps
in observationally sparse regions, especially over ocean basins. Despite these issues, attempts have been
made to synthesize the available historical precipitation data in a global gridded fashion (e.g., Sun, Alexan-
der, et al., 2018). These gridded products can differ substantially in their characterization of extremes both
globally (Donat et al., 2014; Gehne et al., 2016) and in specific regions where more data are available (e.g.,
Timmermans et al., 2019). As this question of observational uncertainty has been the focus of several recent
efforts (e.g., Roca et al., 2019), here we choose to focus primarily on the outstanding challenge posed by the
inadequate sampling over the short time period of satellite observations.

2. Data and Methods
2.1. GCM Simulations

Single model large ensembles, with perturbed initial conditions, form the central tool of this analysis. Each
ensemble member over a short time period can be seen as sampling from the true larger distribution of
model daily precipitation under a given forcing. The bulk of this analysis relies on five single-model large
ensembles: the 40-member Community Earth System Model version 1.1 Large ensemble (CESM1-LENS,
Kay et al., 2015), the 50-member Canadian Earth System Model (CanESM2, Kirchmeier-Young et al., 2017),
the 30-member Commonwealth Scientific and Industrial Research Organisation Mk3.6 model (CSIRO-
MKk3.6.0, Jeffrey et al., 2013), the 20-member Geophysical Fluid Dynamics Laboratory CM3 model (GF-
DL-CM3, Sun, Miao, et al., 2018), and the 16-member SMHI/KNMI EC-Earth model (EC-Earth, Hazeleger
et al., 2010). These five ensembles were assembled under the auspices of the US CLIVAR Large Ensembles
Working Group (Deser et al., 2020).

Daily precipitation data also come from GCMs participating in the Coupled Model Intercomparison Project
Phase 5 (CMIP5; Taylor et al., 2012) and Phase 6 (CMIP6; Eyring et al., 2016). When examining this larger
set of CMIP models, we only use the first realization from each GCM as internal variability is already ac-
counted for by our use of the single model large ensembles. A full list of CMIP GCMs used is presented in
Tables S1 and S2.
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We evaluate December-February (DJF) and June-August (JJA) precipitation separately as there is often a
strong seasonal variation in both the frequency and magnitude of precipitation extremes, and in the phys-
ical processes driving them. To match the availability of observational data (1996-2017), we use the his-
torical simulation from 1996 to 2005 and append the first 12 years of the Representative Concentration
Pathway (RCP, van Vuuren et al., 2011) for the end-of-century 8.5 W m™2 forcing (RCP8.5 for CMIP5, Riahi
et al., 2011; SSP5-8.5 for CMIP6, O’Neill et al., 2016; Tebaldi et al., 2021). (Emissions scenarios do not sub-
stantially diverge by 2017.) Lastly, we regrid the GCM output to a 2° X 2° grid using bilinear interpolation,
so that no model is evaluated at a resolution much finer than its native grid.

2.2. Observational Estimates

The most comprehensive effort to synthesize precipitation data globally and produce a homogeneous daily
product based on satellite data and ground-based measurements is the Global Precipitation Climatology
Project (GPCP; Adler et al., 2003, 2018; Huffman et al., 1997, 2009), which offers climatologically corrected
complete global coverage. In addition, it is desirable to use a product that has a similar native resolution
to the GCMs being evaluated, as downsampling from much higher resolution could result in substantial
differences in frequency and intensity (Chen & Dai, 2018). We use the one-degree daily (1DD, Huffman
et al., 2001) GPCP product version 1.3 for all comparisons between observed and simulated precipitation
distributions. This dataset is then regridded to the aforementioned common 2° grid. It should be noted that
the quality of the available satellite observations is not uniform. Poleward of 50° latitude, the GPCP 1DD
product uses only Television and Infrared Observation Satellite Operational Vertical Sounder (TOVS) data
(Susskind et al., 1997), which may explain the apparent discontinuity in the dataset around 50° north and
south. (This discontinuity is visible in the plots of daily intensity at several percentiles; Figure S1.)

2.3. Ruling Out Sameness of Distributions

To focus on the moderate-to-heavy part of the precipitation distribution, we limit our sample to those days
above the 85th percentile for wet days (i.e., those days with precipitation rate >0.1 mm/day), calculated on
a grid-cell by grid-cell basis (see Figure S1). We evaluate the sensitivity to the choice of threshold (see sup-
porting information). With a higher percentile cutoff, there are fewer demonstrable areas of disagreement
because there are often too few samples to reject the null hypothesis, whereas with a lower percentile cutoff
larger areas of disagreement emerge as lighter rain rates are included. Examining the variation with per-
centile for a given location would provide an alternative perspective. Thus, we find that the 85th percentile
provides a reasonable balance between sample size and sufficient exclusion of low rain rates.

For each grid cell, we take the subset of days exceeding the GPCP 85th percentile threshold and compare the
GCM distribution to that of GPCP using a two-sample Kolmogorov-Smirnov test (KS test, Massey, 1951).
The null hypothesis for this test is that the two datasets are drawn from the same distribution; rejecting the
null hypothesis (P < 0.1) suggests the simulated and observed precipitation distributions are inconsistent
with one another. Failing to reject the null hypothesis does not indicate that the distributions are the same,
but rather that we cannot rule out their consistency on the basis of the limited data available.

Figure 1 compares the precipitation in Community Earth System Model version 1 Large Ensemble (CESM1-
LENS) with GPCP over an example grid cell. Figure 1a illustrates the paucity of samples in the tail of the
distribution, as well as the great differences at very low rain rates (note the log frequency scale). Figure 1b
shows the two empirical cumulative distribution functions (CDFs). In this case, the two CDFs fail the KS
test for sameness of distribution. It fails because the KS statistic, which is simply the maximum distance
between the CDFs, is large. Figure 1c shows the CDFs calculated only above the 85th percentile threshold
from GPCP. With the two distributions shown, the null hypothesis of sameness of distribution cannot be
rejected at the P < 0.1 level. This is the test that we adopt. It is most sensitive to the differences in the rain
rates near the center of this remaining moderate-to-heavy portion of the distribution. Finally, the other 39
ensemble members of CESM1-LENS are shown in a cloud of CDFs (Figure 1c). Some of these can be statis-
tically distinguished from GPCP while others cannot.

All of the large ensemble members are sampled from the same population defined by that model’s behavior.
However, for the real-world observational product we have only one realization. If the null hypothesis is
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Figure 1. Precipitation distributions for a sample grid cell (33°N, 326°E), comparing one ensemble member of CESM1-
LENS with GPCP in (a) frequency and (b) an empirical CDF. In (c), the empirical CDF of the same ensemble member is
emphasized (dark blue), and compared with the other 39 ensemble members above the GPCP 85th percentile threshold
for the grid cell (vertical black line). CDFs, cumulative distribution functions; GPCP, Global Precipitation Climatology
Project.

rejected for every ensemble member, then we rule out that the model and observational product are drawing
from the same true larger distribution. In some grid cells with very few samples, we may erroneously fail to
reject the null hypothesis, which is why we only make statements about those locations that are demonstra-
bly inconsistent between datasets (see Figure S3 for the geographic distribution of sample size). Further, we
apply the false discovery rate method (FDR; see, e.g., Wilks, 2016) to account for field significance.

Those locations which are demonstrably inconsistent between datasets are those for which even the en-
semble member with the smallest distance rejects the null hypothesis. We show the minimum distance
found among any of the ensemble members at a particular location to illustrate this. We must consider the
possibility that the observations are unrepresentative of the real climate’s full statistics, a likely outcome in
locations subject to significant low frequency (e.g., ~decadal or longer) variability. In such a case, we might
hope to find at least one large ensemble member that is in a similar phase of variability to the observations,
and which gives a low value for the KS statistic. Conversely, if the test gives a large value for the KS statistic
and fails in all 40 ensemble members, then it is highly unlikely that any phasing of variability can make
them appear consistent. It is these locations, for which we have the highest confidence of systematic incon-
sistency, that we highlight when we examine the distance between each ensemble member’s CDF and that
of GPCP and then find the minimum.

3. Results and Discussion

In Section 3.1, we first present the results for the CESM1-LENS and then extend the analysis to all five large
ensembles. In Section 3.2, we aggregate across large areas to compare the large ensembles with the CMIP5
and CMIP6 ensembles of opportunity.
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Figure 2. The distance between the CESM1-LENS and GPCP CDFs above the GPCP 85th percentile threshold is shown for ensemble member #1 in (a) DJF
and (b) JJA. Grid cells where the distance is not significant at P < 0.1 are masked as white. The minimum such distance across all 40 ensemble members at each
grid cell independently is shown for (c) DJF and (d) JJA. The fraction of ensemble members for which P < 0.1 at each grid cell is shown for (e) DJF and (f) JJA.
CDFs, cumulative distribution functions; GPCP, Global Precipitation Climatology Project.

3.1. Identifying Regions of Consistent Disagreement

If we evaluate only the first member of CESM1-LENS against GPCP, we find that most locations fail the KS
test at the P < 0.1 level (Figures 2a and 2b), meaning that the simulated and observed precipitation distribu-
tions are different. The KS test statistic above the 85th percentile (comparing CESM member 1 and GPCP) is
used to illustrate this point (yellow = larger distance). Large areas of the subtropics and mid-latitudes may
fail to match GPCP in one ensemble member or another, in part because of internal variability. Examining
where the null hypothesis is rejected even for the ensemble member for which the distance is smallest
(Figures 2c and 2d), we rule out internal variability as the explanation (to the extent that the ensemble has
sufficient members—see Figures S2). Generally, the areas of inconsistency that emerge are spatially coher-
ent, lending credence to the idea that the model-observation differences are systematic in these areas. While
these locations of systematic differences are robust, they are not necessarily comprehensive: Grid cells with
few events above the 85th percentile compared to GPCP may not have enough samples (see Figure S3),
yielding an erroneous failure to identify significant differences in these locations.

Coherent areas of difference between the simulated and observed CDFs remain, notably across the Carib-
bean and North Pacific in JJA and the South Pacific in DJF (Figures 2c-2f). Those grid cells that are incon-
sistent when using a single ensemble member (as in Figures 2a and 2b), or only some ensemble members,
are likely to be inconsistent because of low-frequency internal variability rather than true model bias. Fur-
thermore, a sensitivity study treating one ensemble member of CESM1-LENS as the reference in place of an
observational product approaches uniform success across all grid cells after only 10 ensemble members are
included (Figure S2). Thus, it is not possible to claim that 40 ensemble members are insufficient to charac-
terize the low-frequency variability for this purpose.

Where the two datasets are inconsistent, it is not necessarily because the model is faulty. For example, in the
Southern Ocean, discrepancies are especially clear in December-February (DJF). But GPCP has relatively
few observations to assimilate and the daily product uses different satellite inputs poleward of 50°. It is
unclear why some Northern high-latitude locations display more inconsistency with GPCP than others. On
the other hand, it seems likely that lower latitude locations are inconsistent with GPCP because the model
fails to resolve key processes like tropical cyclones (see, e.g., the Caribbean in JJA). However, there is an
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Figure 3. Figures 2e and 2f are duplicated for the four other large ensembles, as radiolabeled. A summary metric is also presented counting the number of the
models (maximum of five) to have a significant difference in all ensemble members at each grid cell in (i) DJF and (j) JJA.

absence of similarly poor across-the-board performance in the western Pacific. Other possibilities include a
misplaced ITCZ and unrealistic sea surface temperatures.

Next, we conduct the same exercise for four other large ensembles, varying in size from 16 to 50 realizations.
Figures 3a-3h show the equivalent to Figures 2c and 2d for each of those other models. Commonalities
across all five models are illustrated by a heat map (Figures 3i and 3j). The same regions noted above for
CESM1-LENS are common areas of disagreement. The other models typically show disagreement in more
of the tropics, where it is easy to imagine that biases in the position and shape of the inter-tropical conver-
gence zone (ITCZ), or the parameterization of convection could lead to inconsistencies with observations.
As observational products do vary considerably (e.g., Alexander et al., 2020; Bador et al., 2020) some of these
regions of common disagreement may be dependent on the observational product (see Figure S4). Rather
than address this issue here, we have focused on this method of visualizing differences between datasets
using large ensembles to solve the problem of short time series.
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Figure 4. The fraction of grid cells that are inconsistent with GPCP is shown for each ensemble member separately
across the five large ensembles and a set of CMIP5 and CMIP6 models for the tropics (equatorward of 20°) and the
extratropical winter hemisphere (40°-65° poleward) for (a) DJF/N. hemisphere and (b) JJA/S. hemisphere. The RMSE
for mean tropical precipitation above the GPCP 85th percentile is shown for (c) DJF and (d) JJA. The boxplot represents
the spread across ensemble members. The models plotted in Figures 4a and 4b are listed in Tables S1 and S2. CDFs,
cumulative distribution functions; GPCP, Global Precipitation Climatology Project.

3.2. Aggregating over Tropics and Extratropics

We next look at internal variability another way, by comparing the overall fraction of grid cells in disagree-
ment with GPCP across two broad regions where different precipitation processes might be expected to
dominate. The regions are the tropics, equatorward of 20° latitude, where convection is expected to domi-
nate, and the extratropical winter hemisphere (from 40 to 65° poleward) in each season, where large-scale
processes dominate. The colored dots of Figures 4a and 4b show the fraction of grid cells in disagreement
for each of the individual realizations of the five large ensembles. This allows us to quantify the differences
across precipitation regimes that are suggested by inspection of the maps in Figures 2 and 3.

While most of the large ensembles perform similarly in the tropics (~50% agreement), CanESM2 shows
substantially larger areas in disagreement with GPCP (>60% of grid cells are in disagreement across all its
ensemble members). For the other four models, the clusters of ensemble members all overlap. Of the five
model large ensembles, CanESM2 has the lowest native resolution (~2.8 square degrees of latitude/longi-
tude), which might explain its systematically lower performance. Although GFDL-CM3 also has relatively
low native resolution, it has a lower RMSE for the pattern of mean tropical precipitation on in-sample
days (Figures 4c and 4d) and clusters with the other models in the tropics. It should also be noted that in
the sensitivity test with CESM1-LENS (where one ensemble member was treated as “observations”—see
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supporting information), grid cells in the tropics are the last locations to achieve complete statistical agree-
ment with the reference ensemble member, as ensemble members are added one by one (not shown). We
hypothesize that this is due to low-frequency internal variability—in particular ENSO, which might require
more realizations before the phasing aligns with that in a historical reference period.

In the extratropics, variability in model performance across the large ensembles is substantially reduced.
CanESM2 does not stand out as having a poorer agreement with GPCP compared to the other four models.
In the Northern winter extratropics, it is GFDL-CM3 that has slightly larger areas of demonstrable incon-
sistency with GPCP compared with the others. Generally, CESM1-LENS and EC-EARTH have the smallest
areas of demonstrable inconsistency with GPCP in the extratropical winter in both hemispheres.

For JJA extratropical winter, the fractions of inconsistent grid cells are typically greater than the corre-
sponding fractions for DJF extratropical winter. Models appear to better capture the Northern Hemisphere
winter precipitation regime, but this difference may not stem solely from factors shaping model quality.
Observational products are lower in quality in the Southern hemisphere because it is so much more poorly
instrumented. This deficit may make it more difficult to detect high model quality there or may lead to an
erroneous impression of low model quality, regardless of the season.

By aggregating across large areas for this portion of the analysis, we increase our effective sample size and
can include the CMIP ensembles of opportunity for comparison. We perform the same analysis across the
CMIP5 and CMIP6 ensembles (squares and triangles in Figures 4a and 4b). In general, the five models with
large ensembles are among those that agree better with GPCP, compared to the full range of CMIP models.
The CMIP6 models do not appear to show improved agreement with GPCP on the whole, although some
of the worst outliers are absent. The spread within the large ensembles is not negligible compared to the
inter-model spread in the CMIP ensembles, further underscoring the need for large single-model ensembles
to perform a rigorous model evaluation of precipitation extremes.

If these large ensembles are any guide, then the full internal variability within each CMIP model would
likely produce variations in the fraction of inconsistent grid cells similar to those seen in the five models
shown. These variations have a maximum magnitude of 0.05 for all five ensembles, while the CMIP ensem-
bles of opportunity in Figures 4a and 4b span a range of roughly 0.3. One model can span 17% of the range
spanned by the entire CMIP ensemble, further highlighting the importance of large ensembles for detailed
inter-model comparisons.

At the same time, the positioning of CMIP models in Figures 4a and 4b should allow us to make useful state-
ments about the overall agreement of the CMIP5 and CMIP6 models when it comes to moderate-to-heavy
precipitation aggregated across broad regions. In general, we find that the models are in better agreement
with GPCP in the extratropical winter hemisphere than in the tropics. This is probably a reflection of the
fact that the processes associated with large precipitation events in the extratropical winter are better re-
solved compared to their tropical counterparts. We also see from Figure 4 that the models performing better
in one regime are not necessarily those that perform better in the other. This probably stems from the fact
that different processes produce precipitation in the extratropical and tropical regimes. Although there are
greater demonstrable differences with GPCP in the tropics than the extratropics in general, there are some
GCMs for which the moderate-to-heavy portion of the precipitation distribution is potentially consistent
with GPCP in as much as half the convective-dominated region, despite the greater uncertainties associated
with convective parameterizations in the GCMs.

While we have noted and interpreted some of the geographic patterns of inconsistency between models and
GPCP, we caution that conclusions about model quality in particular regions are somewhat dependent on
the observational reference product, as observational uncertainty is known to be quite large. In this portion
of the analysis, we have shown that aggregated across large regions, the CMIP ensembles of opportunity
tell a similar story to the large ensembles about how the tropics compare with the extratropics in terms of
demonstrable inconsistency with GPCP. The prior spatial disaggregation in the maps provides further detail
for those models for which a large ensemble is available.
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4. Conclusions

We have addressed one of the central challenges of evaluating moderate-to-heavy daily precipitation sim-
ulated by GCMs in the face of short observational time series and large decadal variability. To distinguish
whether disagreement between models and observations reflects true systematic differences, or different
phasing of internal variability, single model large ensembles are a useful tool. We use five single-model
large ensembles to identify coherent regions where each GCM is systematically unable to capture mod-
erate-to-heavy precipitation consistently with GPCP. The CMIP5 and CMIP6 ensembles are consistent in
aggregate in their relative performance across distinct precipitation regimes.

Most of the areas for which we cannot rule out the consistency with GPCP that emerge across the models
are in the extratropical northern winter. This is both a well-instrumented geographic area as well as a pre-
cipitation regime that is dominated by large-scale drivers that are well resolved in GCMs. Areas of demon-
strable inconsistency do not necessarily reflect model inadequacies, as either the GCM or the observational
product could be lacking. One such area of systematically lower agreement that may be explained by lower
observational quality is the southern hemisphere winter.

By contrast, there are other locations where a more likely explanation is the failure of the GCM, either to
resolve essential processes or to properly place large-scale circulation features. Moderate-to-heavy extrat-
ropical winter precipitation is less inconsistent with GPCP than moderate-to-heavy tropical precipitation
in almost every model. Within the tropics, moderate-to-heavy precipitation is particularly inconsistent in
certain regions, including the Caribbean (especially during JJA), where resolution may be insufficient to
capture processes like tropical cyclones. In the northern and southern flanks of the Pacific and Atlantic
ITCZ, and the Indian Ocean, biases in large-scale circulation could be an additional source of greater dis-
tance between two CDFs. Thus, the method we have introduced makes it easy to visualize those locations
where caution is required in drawing conclusions based on simulated moderate-to-heavy precipitation, be
it due to model or observational inadequacy. There are different sources that could explain the inconsist-
encies that we detect in CDFs, including biases in the number of days over a precipitation threshold, and
differences in trends that are not uniform across precipitation intensities. An initial diagnostic of locations
of disagreement could lead to further investigation in a region of interest. We encourage others to apply this
method with other datasets and other metrics of interest—all that is required of the metric is a measure of
whether two values differ at some significance level.

The methods described in this study reveal that the limitations imposed by internal variability and the short
observational record can be at least partly circumvented with additional samples from large ensembles of
simulations. Our work assumes that the internal variability itself is not biased. If one chose a field that is
better sampled observationally, less subject to low-frequency internal variability, or less inherently skewed,
one could go farther and evaluate the model’s representation of the variability itself, as in McKinnon
et al. (2017). Doing so might rule out consistent moderate-to-heavy precipitation in even more locations.

We also can identify differentials in summary metrics over very large latitude zones and seasons (e.g., trop-
ics vs. extratropics). This work has implications for model evaluation. As we go to smaller scales, complica-
tions arising from internal variability become increasingly difficult to navigate. For example, it is common
to compare observed and simulated precipitation over a small area to select GCMs that perform better for
regional applications. But we have shown that the relatively short observational period of the satellite era
is usually insufficient to properly sample the daily precipitation distribution in individual grid cells (e.g.,
Figures 1 and 2). So it is inappropriate to rule out a model because it does not match the particular phasing
of the internal variability in daily precipitation that occurred historically. Thus, our analysis also highlights
the importance of avoiding regional-scale model evaluations of the precipitation distribution based on a
single ensemble member.
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