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ABSTRACT OF THE DISSERTATION

Improving Power and Uncertainty Quantification in Spatiotemporal Climate Applications

by

Kyle Roberts McEvoy

Doctor of Philosophy in Statistics

University of California, Los Angeles, 2026

Karen A. McKinnon, Chair

Performing statistical analyses with climate data requires accounting for many types of 

variability. This variability is complex and spatiotemporal in nature, and the variability often 

integrates overlapping processes at multiple spatial and temporal scales. While this makes 

climate a challenging setting for applying statistical methods, we can use scientific expertise 

to properly account for and leverage these spatiotemporal structures in our analyses. This 

dissertation develops statistical methods for performing large scale multiple hypothesis testing 

and uncertainty quantification in the climate setting. Chapter 1 introduces the climate setting 

and some of the particular challenges that methods face in this setting. Chapter 2 focuses on 

multiple hypothesis testing in a common regression setting in climate, where a univariate 

response variable is regressed against a spatial grid of covariates. The false discovery rate 

(FDR) control framework provides a practical method for controlling for multiple hypothesis 

testing, but popular FDR controlling methods, such as Benjamini-Hochberg, exhibit weak 

power when applied to data that is highly spatially correlated, as is often the case with 

climate data. This limitation motivates a proposed spatial smoothing method using learned 

local covariance structures to smooth covariate data as pre-processing step before the analysis. 

We demonstrate that our method still controls the FDR rate empirically, while substantially 

increasing power in simulation studies. Then, we apply the method on regressions of central 

US temperatures against sea surface temperatures. In Chapter 3, we consider the problem 
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of quantifying uncertainty in estimates of precipitation extremes over the conterminous 

United States (CONUS). Due to the inherently rare nature of extreme events, extreme 

quantiles are difficult to estimate, and this process is made more challenging by the temporal 

structure of precipitation data, which is influenced by modes of variability. We expand upon 

observational large ensemble methods in the literature to generate synthetic spatiotemporal 

fields of precipitation over CONUS. These synthetic fields incorporate variability related to 

large scale modes of climate variability as well as unrelated short term variability to produce 

fields with realistic precipitation variability. This method is validated using data from climate 

model initial condition large ensembles, and we use these ensembles to estimate uncertainty 

in estimates of monthly extreme quantiles of the precipitation distribution across CONUS. 

In Chapter 4, we apply this observational large ensemble approach with regression models 

to better quantify variability in Colorado River streamflows at Lees Ferry. Streamflows 

of the Colorado River are heavily influenced by temperature and precipitation over the 

Upper Colorado River Basin. In order to understand how the variability in temperature and 

precipitation can influence the variability in streamflows, we apply the observational large 

ensemble to generate synthetic precipitation and temperature records for the Upper Colorado 

River Basin. And, using these records with the regression models, we produce a synthetic 

ensemble of streamflows. This synthetic ensemble is used to estimate annual variability for 

streamflows that properly integrate the variability of temperature and precipitation records. 

Then, we use estimates of future warming to explore how streamflows might change by 2050. 

Finally, Chapter 5 concludes the thesis with a discussion of these methods and future work.
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Chapter 1

Introduction

Statistical analysis in climate science is complicated by short observational records, high-

dimensionality, non-stationarity, and complex spatiotemporal correlation structures. These 

factors make application of standard statistical methods more difficult and require novel 

solutions that respect the unique structure of this data. This dissertation proposes method­

ological approaches for handling some of these complexities, allowing for more robust statistical 

inference in the climate domain.

Climate records are often short, lasting under 100 years, though some longer records 

begin in the 19th century. While some even older records based on ships logbooks do exist 

(García-Herrera et al., 2005), these records are often sparse through space and time, making 

them hard to analyze. Even over more recent time frames, such as the early 20th century, 

generating spatially and temporally complete records requires various statistical infilling 

procedures that result in their own estimation biases and uncertainties (e.g. Huang et al., 

2017). These uncertainties increase as we head further back in time. Newer satellite-based 

datasets with increased spatial coverage only extend back about 50 years as satellites became 

more common. While these record lengths would be sufficient for many statistical problems, 

the structure of climate data poses unique challenges.

One challenge with climate data is that the number of locations considered in analyses 
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is often very large relative to the shortness of the records. For example, in regression or 

correlation analyses where the relationship between a univariate response variable and a 

covariate measured at many locations is examined there might be only 100 years of data 

with thousands of locations (for example Ting and Wang, 1997; McKinnon et al., 2016). 

This is a difficult high-dimensional inference problem with a relatively small sample. While 

some climate scientists focus on predicting the outcome variable with regularized regression 

methods (Sippel et al., 2024), the connections between specific locations, or spatial patterns 

of locations, and the response variable are often of scientific interest, requiring an alternative 

approach.

One strategy to resolving this challenge is to perform a dimension reduction method, 

such as principal components analysis, termed empirical orthogonal functions analysis in the 

climate literature, on the covariates before regression. This method can lead to scientifically 

interesting results, especially if the resulting spatial principal components can be linked to 

known modes of variability in climate science, such as the El Niño-Southern Oscillation. 

However, if individual locations are of interest, the problem is often resolved by performing 

isolated marginal analyses at each location and living with the high-dimensionality. Performing 

hypothesis tests on these many marginal locations naturally leads to issues with multiple 

hypothesis testing, which have not always been corrected for in the climate literature (Wilks, 

2016). Even when corrections for multiple testing are used in this spatially correlated setting, 

the corrections can result in weak power. In Chapter 2 of this work, we propose a method 

for leveraging the spatial information in the covariate data to improve the power of this 

multiple testing approach with the potential to result in more discoveries while still empirically 

controlling for false discoveries. In this way we use the strong underlying structure of the 

climate data to our advantage in inference. This chapter has been published in the Journal 

of Agricultural, Biological and Environmental Statistics (McEvoy and McKinnon, 2026).

Another challenge in climate is that understanding the data requires a deep understanding 

of complex spatiotemporal variability. Climate scientists often decompose spatiotemporal 
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fields into two components: the forced response and the internal variability of the system. 

The forced response functions like an overall mean state and comes in response to a mixture 

of “natural” drivers, such as the amount of incoming solar radiation or volcanic eruptions, 

and anthropogenic drivers of the system, such as greenhouse gas emissions. The internal 

variability of the climate, fluctuations around this mean state, can result in dramatically 

different climate records. Even over longer scales, on the order of a century or more, this 

internal variability can hinder inference with climate records, increasing uncertainty in trends 

(McKinnon et al., 2017) or the estimation of the impacts of important climate modes of 

variability like the El Niño-Southern Oscillation (Deser et al., 2018).

Understanding this internal variability is further muddled by the complex interplay 

between short term atmospheric circulation events and longer term processes that relate to 

multi-year, decadal, or even multi-decadal shifts in sea surface temperatures that result in 

downstream circulation changes (Dong et al., 2018; Deser et al., 2004; Frankcombe et al., 2010). 

Since these climate modes of variability are understood to have important downstream impacts 

on climate variables of interest, such as temperature and precipitation, fully understanding 

the variability of the climate system requires accounting for the frequency, persistence, and 

impacts of the climate modes.

Climate models are one useful tool for analyzing the forced response and the internal 

variability of the system, but these models have their own limitations. Earth system models, 

such as the Community Earth System Model version 2 (CESM2) (Danabasoglu et al., 2020), 

solve physical equations that govern the behavior of the climate system in order to simulate 

climate outcomes. The forced drivers of the system, such as solar radiation, anthropogenic 

greenhouse gas emissions, and aerosols can be specified and the model can be run to sample 

from the model simulation of the internal variability. These models can be run for hundreds 

of years, but the non-stationarity of the climate with respect to the forced response and the 

significant contribution of internal variability poses challenges.

One way that climate scientists handle these problems is to use initial-condition large 
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ensembles to sample from the internal variability multiple times (Deser et al., 2020). In 

initial condition large ensembles, small atmospheric temperature perturbations are added 

to the initial conditions of a climate model before it is run, and, due to the highly chaotic 

nature of the climate system, these small perturbations quickly lead to decorrelation between 

the model runs. Despite the intense computational resources required, this process can be 

repeated many times leading to initial condition large ensembles, such as the CESM2 large 

ensemble (Rodgers et al., 2021). Using these large ensembles, climate scientists can use the 

ensemble mean to estimate the forced response and use the variations around that mean 

to estimate the internal variability of the system. While a powerful tool, climate models 

rely on coarse spatial scales and approximations that can cause biases in the simulated 

climate (Danabasoglu et al., 2020). This suggests a need for appropriate estimates of internal 

variability that are observationally based.

One approach in the literature to derive and sample from observationally-based estimates 

of the variability is the Observational Large Ensemble approach (McKinnon et al., 2017; 

McKinnon and Deser, 2018, 2021). This method involves estimating climate responses to the 

modes of variability, and then uses those estimates along with statistical resampling methods 

to generate synthetic spatiotemporal records of climate variables with realistic variability. 

In Chapter 3 of this work, we refine the method of McKinnon and Deser (2021), which 

applied the Observational Large Ensemble to precipitation, and use this approach to quantify 

uncertainty in extreme precipitation quantile estimates over 100 year records. By using 

this approach, we avoid the precipitation biases of climate models, while still developing a 

meaningful sample of the system’s internal variability. An important refinement over the 

method of McKinnon and Deser (2021), is that synthetic climate modes are generated in a 

multivariate fashion, preserving a more realistic cross-correlation structure across the modes. 

Since the modes drive important features of the climate response, this leads to more realistic 

synthetic records.

Finally, in Chapter 4 we explore how the Observational Large Ensemble method can be 

4



used to generate synthetic records of Colorado River water. Streamflows of the Colorado 

River show strong interannual variability, but have also been shown to have a key dependence 

on temperature and precipitation over the Colorado River Basin (Vano et al., 2012; Udall 

and Overpeck, 2017; Lehner et al., 2019; Hoerling et al., 2024). So, in order to meaningfully 

account for the internal variability in these streamflows, it is important to generate realistic 

synthetic records of temperature and precipitation. We do so in a spatiotemporal fashion, 

allowing for analyses of the relationship between climate modes and the pattern of temperature 

and precipitation responses over the basin. The spatiotemporal records preserve important 

correlations between temperature and precipitation and allow for meaningful estimates of 

internal variability in the streamflows. Finally, we combine these estimates of internal 

variability with estimates of the forced response to explore how this important water source’s 

variability could change by 2050.

Throughout this work, solutions to various problems in statistical inference and uncertainty 

quantification in climate applications are explored. First, the spatial structure of climate data 

is leveraged as an asset, allowing for the borrowing of information across space to increase 

power in multiple hypothesis testing problems. Next, resampling techniques are explored 

that enable meaningful estimates of the internal variability of spatiotemporal climate fields 

based on observational data. These techniques are used to explore precipitation extremes over 

the conterminous United States and the internal variability of Colorado River streamflows 

with significant implications for water resources planning. By leveraging novel statistical 

approaches, we can improve the quality of climate analyses.
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Chapter 2

Increasing Power When Controlling 

Multiple Hypothesis Testing with 

Climate Data via Covariate Smoothing

Whenever many hypothesis tests are performed simultaneously, the risks of falsely rejecting 

some null hypotheses must be accounted for in statistical analyses. Methods controlling the 

possibility of any false rejections become very conservative as the number of tests grows, 

which motivated the False Discovery Rate (FDR) control framework that limits the average 

proportion of rejections that are false. However, FDR control methods, such as Benjamini-

Hochberg, often have undesirably low power when working in spatially correlated settings. 

Here we focus on regression problems in large climate datasets involving a univariate response 

variable and spatially gridded covariate data. Given that nearby locations are more likely 

to share a signal, we propose a method in which the covariates are spatially smoothed 

with locally fitted covariance functions before applying the hypothesis testing procedure. 

Simulation results show that by using Benjamini-Hochberg with this smoothed data, power 

The contents of this chapter are published in the Journal of Agricultural, Biological and Environmental 
Statistics (McEvoy and McKinnon, 2026).
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is increased while still maintaining empirical FDR control. We then apply the technique 

to real sea surface temperature covariates with both simulated and real responses. The 

real data example, linking sea surface temperatures to July temperatures in the central 

US, demonstrates that the smoothing procedure allows for signals to be identified when 

none pass traditional Benjamini-Hochberg control. The proposed procedure provides climate 

scientists with a simple yet powerful tool for extracting more information from their data, 

while correcting for multiple hypothesis testing.

2.1 Introduction

Multiple hypothesis testing is a fundamental problem when working with large spatiotemporal 

datasets, which is typical in the climate sciences. A motivating and common type of study 

involves investigating a relationship between a univariate response variable and a spatial grid 

of covariates that is quantified through correlation, regression, or composite maps (averages 

conditional on certain values of the response variable). The resulting maps are then assigned 

an estimate of significance at each gridpoint. Because the number of predictors often far 

exceed the length of the time series, the analysis is typically done marginally. This approach 

has been used to identify, for example, sea surface temperature predictors of summertime 

precipitation (Ting and Wang, 1997), heatwaves (McKinnon et al., 2016), and the state of the 

stratospheric polar vortex (Kretschmer et al., 2017). Since the number of hypotheses being 

tested in this way can number in the thousands, failing to control for multiple hypotheses 

will result in many spurious rejections with coherent spatial structure that can falsely suggest 

interpretability. Researchers who are not familiar with correcting for multiple hypothesis 

testing can take these rejections at face value, drawing incorrect conclusions, and the volume 

of spurious rejections can drown out interesting results. Correcting for multiple hypothesis 

testing can resolve many of these problems, but can be underpowered in cases when the 

underlying covariate field is spatially correlated (Wilks, 2016), as discussed below.
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Early work within climate science proposed to address this issue via quantifying “field 

significance”, wherein the full spatial field is identified to contain a large enough number 

of significant locations that they are unlikely to have arisen by chance (Livezey and Chen, 

1983). However, this method has low power and would typically preclude finding localized 

regions of strong signals (Wilks, 2016). An alternative is to control for the False Discovery 

Rate (FDR), defined as the fraction of “discoveries”, or rejections of the null, that are false 

(i.e. the null hypothesis is true). In cases where the 𝑝-values generated by the hypothesis 

testing procedure are independent from each other, the FDR can be controlled by a simple 

procedure based on ordering the 𝑝-values of the tests (Benjamini and Hochberg, 1995); this is 

often termed the “Benjamini-Hochberg method”. Benjamini and Yekutieli (2001) then showed 

that the Benjamini–Hochberg procedure controls the false discovery rate for test statistics 

satisfying the “positive regression dependence on a subset” (PRDS) condition. However, this 

condition is often violated in settings with correlated test statistics, particularly for two-sided 

tests. Finally, they introduced a modified procedure that guarantees FDR control under 

arbitrary dependence, but it requires substantially more stringent 𝑝-value thresholds, leading 

to reduced statistical power in practice.

Although there are not theoretical guarantees of FDR control using the standard Benjamini-

Hochberg method when the tests are correlated, simulation studies generally show that FDR 

control generally holds empirically (Farcomeni, 2006; Wilks, 2016), at least for differences-in-

mean tests. That said, the control was generally conservative, and the extent to which it 

reduced power depended on the correlation structure in the data.

Prior attempts to increase power using FDR in the correlated setting have had mixed 

success. Motivated by correlated climate data, Yekutieli and Benjamini (1999) proposed 

a resampling-based approach to improve power. While this approach led to small gains in 

power, it also required more computation (Ventura et al., 2004, and Table A.1), so it would be 

unlikely to be used as a straightforward replacement for the standard procedure. Ventura et al. 

(2004) then sought to improve the power further by increasing the target FDR control level 
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by a scaling factor related to the estimated proportion of true null hypotheses. Their method 

successfully increases the power, but in their simulations they found that when over 30% of 

the alternative hypotheses were true and the test statistics were highly correlated there were 

some failures in FDR control. It has also been suggested to increase power in the correlated 

setting by clustering the covariates, thereby sharing information across space (Benjamini 

and Heller, 2007); however, when the data are spatially-smooth, as is often the case with 

geophysical variables, the clustering will inherently induce artificial boundaries. Furthermore, 

the clustering process could lead to undesirable effects at the boundaries between regions, 

where a location may or may not have been rejected depending on which cluster it had been 

assigned.

One key challenge in the climate regression setting is that the sample size, 𝑛, is almost 

always much smaller than the number of covariates, 𝑝. For example, a typical gridded dataset 

could have on the order of tens of thousands of points, while a typical climate dataset is 

on the order of 50-100 years long. This precludes the use of regression methods that try to 

consider the joint relationship between the response and the full set of covariates, such as the 

knockoffs method proposed in Barber and Candès (2015).

A number of other methods have been proposed to try to leverage the spatial structure 

of the testing problem to improve power. Some of these methods operate under the signal-

plus-noise model, where spatially correlated noise is added to a mean field (Sun et al., 2015; 

Zhang et al., 2011). But applying this model directly to the regression coefficients, as in 

Sun et al. (2015), requires defining a reasonable specification of the noise model for fields of 

regression coefficients, which may not be straightforward in applications by climate scientists. 

Even if we do not fully trust that the regression statistics arise from the signal-plus-noise 

model, methods designed under this model that operate directly on the 𝑝-values, such as the 

FDR𝐿 method of Zhang et al. (2011), could still be applied. However, in applying the FDR𝐿

method to regression problems in simulation studies we found that the method made many 

true rejections but lost FDR control (Table A.2).
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Other commonly used spatial approaches for increasing power assume the two groups 

model (e.g. Tansey et al., 2018), where test statistics are assumed to arise from a mixture 

model of a null density and a signal density. In the climate setting, where we might expect 

the distribution of test statistics to vary smoothly in space, interpolating between two distinct 

densities may be unable to represent the full range of test statistic distributions at different 

locations. Furthermore, when Tansey et al. (2018) applied their method to a spatially varying 

signal in simulation studies, they found small failures of FDR control.

In order to improve power in the spatially correlated setting, here we propose a localized 

spatial smoothing pre-processing step for the covariates. The smoothed covariate data can 

then be used in standard regression approaches combined with Benjamini-Hochberg for 

empirical FDR control. This method has few assumptions, is not computationally demanding, 

and can be easily incorporated into existing hypothesis testing procedures. These benefits 

make the procedure a useful tool for researchers to extract more information from datasets, 

while empirically controlling the FDR.

The remainder of the paper proceeds as follows. Section 2.2 defines the setting and 

introduces the smoothing method. Section 2.3 evaluates the method using simulation studies. 

Section 2.4 investigates the method with synthetic responses and real sea surface temperature 

(SST) covariates and then applies the method to a regression of Central United States 

temperatures on SST covariates. We conclude in Section 2.5 with a discussion of our findings.

2.2 Methods

2.2.1 Model and Assumptions

We focus on the linear relationships between a single univariate response variable, 𝑌𝑖 ∈ ℝ, and 

a spatial grid of covariates, {𝑋𝑖𝑗}, 𝑋𝑖𝑗 ∈ ℝ, where 𝑖 ∈ {1, 2, … , 𝑛} indexes the sample through 

time and 𝑗 ∈ {1, 2, … , 𝑝} indexes the location, for some 𝑛, 𝑝 ∈ ℕ. Under our model, 𝑌𝑖 and 

each of the 𝑋𝑖𝑗 are random variables. Throughout, it is assumed that the covariate vectors, 
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𝑋𝑖⋅ = (𝑋𝑖1, 𝑋𝑖2, … , 𝑋𝑖𝑝) ∈ ℝ𝑝, follow a multivariate normal distribution, 𝑋𝑖⋅
𝑖𝑖𝑑∼ 𝑁𝑝(0, Σ), 

with mean vector 0 and a covariance matrix, Σ ∈ ℝ𝑝×𝑝, that can be locally approximated by a 

spatial covariance function. In practice, we work with covariates that have been standardized 

by removing the mean and dividing by the standard deviation. The equations presented here 

assume zero-centered covariates but could be modified to include intercept terms if desired. 

We consider a model for the response variable of the form

𝑌𝑖 = 𝛽𝑇𝑋𝑖⋅ + 𝜀𝑖, (2.1)

where 𝛽 ∈ ℝ𝑝 is a coefficient vector and 𝜀𝑖
𝑖𝑖𝑑∼ 𝑁(0, 𝜎2

𝜀) is independent of the set of covariate 

vectors. These assumptions jointly imply that the 𝑛 random vectors, (𝑋𝑖1, 𝑋𝑖2, … , 𝑋𝑖𝑝, 𝑌𝑖), 

are i.i.d. samples. The inferential goal is to select a subset of the locations where there are 

likely to be significant linear relationships under the FDR control framework.

In the climate regression setting of our work, the 𝑋𝑖𝑗 are often standardized anomalies of 

the same variable, for example sea surface temperature (SST), observed across a latitude-

longitude grid. These anomalies typically have strong spatial correlations between nearby 

locations, and in many climate applications the number of grid locations, 𝑝, may number in 

the tens of thousands. We expect 𝛽 to have many zero entries because the response variable 

is likely to be sensitive to only some of the covariates. For example, for SST anomalies, only 

specific regions of the ocean influence the downstream climate variable of interest.

The assumption that the samples are i.i.d. implies that there should not be seasonality, 

autocorrelation, or a trend in the samples. This set-up is reasonable for detrended climate 

variables with limited inter-annual memory when focusing on measurements made during the 

same month each year, but this is a strong assumption in general. In cases where there is 

autocorrelation in the error terms the analysis should be adjusted.

A common method in climate science is to perform 𝑝 simple ordinary least squares linear 

regressions in parallel, regressing the response variable 𝑌𝑖 on each covariate 𝑋𝑖𝑗 in isolation. 
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That is, fitting the regression model

𝑌𝑖 = 𝜅𝑗 + 𝛾𝑗𝑋𝑖𝑗 + 𝜈𝑖𝑗, 𝜈𝑖𝑗
𝑖𝑖𝑑∼ 𝑁(0, 𝜎2

𝑗 ), (2.2)

for 𝜅𝑗, 𝛾𝑗 ∈ ℝ, 𝑖 = 1, … , 𝑛 and for each 𝑗 = 1, … , 𝑝, with 𝜈𝑖𝑗 independent of 𝑋𝑖𝑗. Note that 

with the multivariate normality of the covariates and the independence and normality of 

the errors, model (2.2) is compatible with model (2.1) for all 𝑗. For each 𝑗, let Σ⋅𝑗 ∈ ℝ𝑝 be 

the column of Σ containing the covariances between 𝑋𝑖𝑗 and other covariates. Then, for all 

𝑗 ∈ {1, 2, … , 𝑝}, Cov(𝑋𝑖𝑗, 𝑌𝑖) = Cov(𝑋𝑖𝑗, 𝛽𝑇𝑋𝑖⋅ + 𝜀𝑖) = 𝛽𝑇Σ⋅𝑗, using the independence of 

the errors from the covariates. The regression coefficient, 𝛾𝑗, is given by

𝛾𝑗 =
Cov(𝑌𝑖, 𝑋𝑖𝑗)

Σ𝑗𝑗
=

𝛽𝑇Σ⋅𝑗

Σ𝑗𝑗
. (2.3)

The estimated coefficients, ̂𝜅𝑗 and ̂𝛾𝑗, are fit using ordinary least squares regression, and the 

standard 𝑡-statistic for testing the null hypotheses 𝐻𝑗
0 ∶ 𝛾𝑗 = 0 is calculated as

𝑇𝑗 =
̂𝛾𝑗

̂se( ̂𝛾𝑗)
. (2.4)

In this work, we do not treat the covariates 𝑋𝑖𝑗 as fixed; however, with a linear model 

and homoscedastic errors that are uncorrelated with 𝑋𝑖𝑗, 𝑇𝑗 will asymptotically converge to a 

normal distribution under the null hypothesis (a standard result, see e.g. Wooldridge (2010)). 

Therefore, the standard two-sided 𝑡-test with 𝑛 − 2 degrees of freedom will be asymptotically 

valid test for testing the null hypotheses 𝐻𝑗
0 ∶ 𝛾𝑗 = 0 against the two-sided alternatives, 

𝐻𝑗
1 ∶ 𝛾𝑗 ≠ 0. As alternatives to the asymptotic 𝑡-test, either a permutation testing approach 

or a resampling-based method, such as the one in Yekutieli and Benjamini (1999), could 

be applied with our method. In finite samples these methods could potentially have better 

control of the type-I error rate than the asymptotic 𝑡-test. However, these methods are also 

more computationally demanding than the 𝑡-test, especially with thousands of locations. 
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If the assumption of homoscedasticity of errors is unreasonable due to a shift in the error 

variance or other heterogeneities in time, then the i.i.d. assumption could be relaxed by 

designing an appropriate permutation test, assuming sufficient knowledge about the structure 

of the heteroscedasticity.

2.2.2 Smoothing Method

In order to improve the power of the standard Benjamini-Hochberg procedure in this setting, 

we propose a localized smoothing procedure as a pre-processing step before hypothesis testing 

using a windowed, weighted-average of the covariate field. Under standard assumptions for 

spatial data, covariances between locations decline monotonically as the distance between two 

locations increases. Therefore, under Equation (2.3), the contribution of each nonzero element 

of 𝛽 to 𝛾𝑗 will decline toward zero as distance between the nonzero locations and location 

𝑗 increases. This matches the expectation for geophysical data, where we expect that the 

signal (significant 𝛾𝑗 values) will exhibit spatially coherent clusters related to the covariance 

structure of the covariate field. Smoothed covariates that put more weight in the average on 

nearby signal locations will tend to exhibit stronger covariance with the predictand than they 

would before smoothing. This will increase the number of “discoveries” for locations that are 

false nulls but have a weak signal in isolation. Conversely, we do not expect a large increase 

in the number of false discoveries because locations that exhibit small p-values by chance will 

then be averaged with many neighboring locations that are unrelated to the predictor.

To describe the method, let 𝑥𝑖𝑗, 1 ≤ 𝑖 ≤ 𝑛, 1 ≤ 𝑗 ≤ 𝑝, be the observed covariate data 

which has been standardized by subtracting the mean and dividing by the standard deviation. 

At location 𝑘 ∈ {1, 2, … , 𝑝}, a local window of the data, centered at 𝑘, is selected. Now, let 

𝑊𝑘 ⊂ {1, 2, … , 𝑝} be the subset of indices for locations that fall within this local window. 

Then, for any set of non-negative weights of {𝑤𝑘
𝑚}𝑚∈𝑊𝑘

, with one weight for each location in 
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𝑊𝑘, we can define the weighted average at location 𝑘, 𝑥𝑘
𝑖 , as

𝑥𝑘
𝑖 =

∑𝑚∈𝑊𝑘
𝑤𝑘

𝑚𝑥𝑖𝑚

∑𝑚∈𝑊𝑘
𝑤𝑘

𝑚
. (2.5)

This weighted average can be used in place of the original data in our regressions.

The weights are determined as a function of the local covariance structure in the covariates. 

This structure can vary substantially across space, so we fit covariance models in moving 

windows, within which we can reasonably assume that the covariance structures are stationary 

(Kuusela and Stein, 2018; Higdon, 1998; Haas, 1990). Once fit, the spatial covariance function 

gives a measure of how much similarity we expect between the gridboxes in the window. The 

choice of window size depends on the application of interest. Ideally, the window size needs to 

be large enough that the spatial correlation structures can be captured, while small enough 

that the local stationarity assumption is reasonable.

Since we are focused on an application to SST anomalies, we choose a local 20∘ × 20∘

longitude-latitude window around each location. For points that are closer than 10∘ latitude 

to the northern and southern borders of our spatial region (60∘𝑁 and 60∘𝑆, respectively), the 

window is truncated at the boundary. In the east and west directions, the window wraps 

around the earth’s surface. In our SST application, there are no measurements for gridboxes 

on land, but we do not truncate the window at these land boundaries. So, for example, the 

window can contain seas separated by land. This modeling decision could easily be modified 

by masking ocean gridboxes across a land mass.

While this window size may appear large, windows of this size have previously been 

used to fit local covariance functions for ocean heat content in Kuusela and Stein (2018). 

Furthermore, as shown in the fitted spatial models in Figure 2.2, SSTs have long correlation 

length scales with fitted 𝑒-folding distances for many locations over 2,000 km (around 18∘

at the equator), suggesting that this window size is necessary to accurately capture the 

covariance structure. Finally, as distance from the target location increases, the covariance in 
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the model will decrease, naturally decreasing the influence of distant locations in the weighted 

average.

For the window, 𝑊𝑘, around each gridbox, we model the data as being sampled from a 

multivariate normal distribution with mean 0, and a covariance matrix Σ𝑘, arising from a 

stationary spatial covariance function, 𝑓. That is, let 𝑋′
𝑖  be random vectors of length 𝑚𝑘, 

consisting of the variables for each of the locations in 𝑊𝑘. Then the model we are fitting is

𝑋′
1, 𝑋′

2, … 𝑋′
𝑛

𝑖𝑖𝑑∼ 𝑁𝑚𝑘
(0, Σ𝑘). (2.6)

In order to define 𝑓, we first need to describe the distances between locations. Since climate 

data are often anisotropic, the distance was split into zonal (east-west) and meridional 

(north-south) coordinates, 𝑢𝑗𝑘 and 𝑣𝑗𝑘 respectively, with distances measured using great-circle 

distance. For 𝑢𝑗𝑘 the midpoint of the two gridbox latitudes is used when defining the arc on 

the sphere. Let 𝑞𝑗𝑘 = (𝑢𝑗𝑘, 𝑣𝑗𝑘)𝑇 be the coordinate lag vector, and let the anisotropy matrix 

𝐴 be defined as

𝐴 = [



cos(𝜃) − sin(𝜃)

sin(𝜃) cos(𝜃)
]



[



1 0

0 𝜓−1

]



[



cos(𝜃) sin(𝜃)

− sin(𝜃) cos(𝜃)
]



, (2.7)

where 𝜃 ∈ [0, 𝜋), is the rotation angle, 𝜓 ∈ [1, ∞), is the anisotropy ratio. Then, the 

anisotropic distance can be calculated as the square root of the quadratic form of 𝑞𝑗𝑘 with 𝐴:

𝑑𝑗𝑘(𝜃, 𝜓) = √𝑞𝑇
𝑗𝑘 𝐴 𝑞𝑗𝑘 (2.8)

The rotation angle, 𝜃, determines the rotated axis along which the distances are maximized, 

and 𝜃 + 𝜋/2 determines the direction along which distance values are shrunk the most, with 

the opposite effects on the resulting covariances in these directions.

When fitting 𝑓 over the window 𝑊𝑘, all data that fall outside of the window are ignored. 

Additionally, the specific choice of the family of models, defined by 𝑓, will impact the resulting 
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weights. Therefore, before attempting to employ this method, researchers should carefully 

choose their spatial covariance function and the size of the window of data needed to fit it, 

and evaluate some of the local fits of the functions, before proceeding in their analysis. The 

impact of misspecifying 𝑓 on the method is explored in the results. The commonly used 

Matérn family of functions provides a useful starting point for these evaluations, and, in this 

paper, the Matérn-3/2 covariance function was used for local fitting with the parameterization

𝑓(𝑑𝑗𝑘(𝜃, 𝜓), 𝜙) = (


1 +
√

3 𝑑𝑗𝑘(𝜃, 𝜓)
𝜙

)


exp (


−
√

3 𝑑𝑗𝑘(𝜃, 𝜓)
𝜙

)


, (2.9)

where 𝜙 > 0 is a correlation length scale parameter. As 𝜙 increases and the distance, 

𝑑𝑗𝑘(𝜃, 𝜓), between two locations stays fixed, the variables at those two locations become 

more correlated. Note that, since we have standardized the observed data, the marginal 

variance of this function has been fixed to equal 1. A nugget effect could be added to this 

model, if desired. However, in our applications using the Extended Reconstructed Sea Surface 

Temperature (ERSST) data of Huang et al. (2017) we found that including a nugget was 

unnecessary, since the averaging process used to produce the gridded dataset made the 

small-scale errors in the data negligible.

The local model over 𝑊𝑘 of Equation 2.9 has three unknown parameters: a correlation 

length scale parameter, 𝜙𝑘; an anisotropy angle, 𝜃𝑘; and an anisotropy ratio, 𝜓𝑘. These 

parameters of 𝑓 are fit by maximum likelihood, using the windowed sample of data, giving 

estimates ( ̂𝜙𝑘, ̂𝜃𝑘, ̂𝜓𝑘) for each gridbox. See Gelfand et al. (2010) and Diggle (2007) for more 

details on maximum likelihood estimation in the spatial setting. Then, using these maximum 

likelihood estimates, we calculate the weights as

𝑤𝑘
𝑗 = 𝑓(𝑑𝑗𝑘( ̂𝜃𝑘, ̂𝜓𝑘), ̂𝜙𝑘),

and use these weights in Equation (2.5) to calculate the weighted averages, 𝑥𝑘
𝑖 .

To complete the hypothesis testing procedure, the observed response, 𝑦𝑖, is regressed 
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against 𝑥𝑘
𝑖  for each 𝑘, as in Model (2.2), the usual regression 𝑡-statistics are calculated, as in 

Equation (2.4), and Benjamini-Hochberg is applied to the 𝑝-values of the standard two-sided 

test to find rejections.

2.3 Simulation Study

Our simulations follow the assumptions outlined in Section 2.2.1. For simplicity, we randomly 

select a single location, 𝑙∗, and we set 𝛽𝑗 = 0 for 𝑗 ≠ 𝑙∗. Thus, 𝑌𝑖 is sampled from the 

equation 𝑌𝑖 = 𝛽𝑙∗
𝑋𝑖𝑙∗

+ 𝜀𝑖. While we use a single point source signal to generate the data, 

the high correlation in the covariates makes 𝑌𝑖 highly correlated with the locations near 𝑙∗. 

For these nearby locations 𝑗, the regression coefficients 𝛾𝑗 will be close to the value of 𝛽𝑙∗. So, 

the effective signal will be spread over a regional cluster of data. For the spatial structure of 

the simulations, a 2∘ × 2∘ latitude-longitude grid was created with latitudes ranging from 

−60 to 60 and longitudes spanning the sphere. This matches the resolution of our SST data 

in our application. This spatial grid contains a total of 𝑝 = 10, 980 locations at which to 

sample the covariates.

Equation (2.3) shows that the value of the regression coefficient at any location 𝑗, with 

𝑗 ≠ 𝑙∗, will be nonzero if there is a nonzero correlation between the covariates at locations 𝑗

and 𝑙∗. Thus, in order for the hypothesis testing problem to be meaningful we need to choose 

a covariance function for {𝑋𝑖𝑗} that can generate exact zero values. One way to ensure this is 

to use the covariance tapering method of Furrer et al. (2006) to modify the standard Matérn 

covariance. For our simulations we choose the Matérn-3/2 covariance function, parameterized 

as in Equation (2.9) as our primary covariance function and taper this covariance function 

with Wendland-1 polynomials, as suggested in Furrer et al. (2006),

𝑔(𝑑𝑗𝑘(𝜃, 𝜓), 𝛿) = (max {0, (1 − 1
𝛿

𝑑𝑗𝑘(𝜃, 𝜓))})
4

(1 + 4
𝛿

𝑑𝑗𝑘(𝜃, 𝜓)) , (2.10)

where 𝛿 > 0 is the tapering distance. For distances greater than 𝛿, 𝑔 will equal 0. This gives 
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a tapered covariance function ℎ:

ℎ(𝑑𝑗𝑘(𝜃, 𝜓), 𝜙, 𝛿) = 𝑓(𝑑𝑗𝑘(𝜃, 𝜓), 𝜙) ⋅ 𝑔(𝑑𝑗𝑘(𝜃, 𝜓), 𝛿). (2.11)

ℎ retains the smoothness of 𝑓 in the sense that both functions are twice differentiable, but ℎ

will decrease to 0 more quickly than 𝑓 with the same value of 𝜙.

The 𝑛 vectors of simulated covariate data were then sampled i.i.d. from a multivariate 

normal distribution with mean 0 and covariance matrix Σ arising from ℎ. As a baseline 

scenario, we sampled 𝑛 = 50 samples from the distribution, corresponding approximately 

to the number of years of data available in the satellite era for many climate datasets. We 

use the default values 𝛽𝑙∗ = 1 and 𝜎2
𝜀 = 1. This level of noise balances the difficulty of the 

problem with the relatively small sample size, though for some climate variables larger values 

may be more realistic.

2.3.1 Simulation Details and Evaluation Metrics

We now turn to evaluating the proposed method. The sample size, 𝑛; noise s.d., 𝜎𝜀; and the 

parameters of the spatial covariance function were varied across different experiments. The 

parameter choices can be seen in Table 2.1. The correlation length scale, 𝜙, and tapering 

parameter, 𝛿, were selected to roughly match the covariance functions to east-west and 

north-south variograms of the SST data at ±(20, 30, 40, 50) degrees latitude. The windows, 

𝑊𝑘, are set to be 20∘ latitude by 20∘ longitude, centered at location 𝑘 and inclusive of the 

edges. As mentioned previously, this window size matches the windows used in Kuusela 

and Stein (2018) for ocean temperature data and allows for reasonable fits of the covariance 

function to SST data, as seen in Figure 2.2. This window size is also used for the real SST 

covariates. In each experiment, 10 total spatial fields, X, were generated, and for each of 

these spatial fields, 1,000 different response vectors, y were generated, giving a total of 10,000 

simulations.

18



In the results we will refer to our method as the smoothing method and the original linear 

regressions with Benjamini-Hochberg FDR control as the base method. The same response 

vector y, generated from the original covariates, was regressed against both the smoothed 

covariate data and the original data from which it was generated (after standardization), and 

the two-sided 𝑡-tests were rejected using the Benjamini-Hocberg method with targeted FDR 

control level 𝛼 = 0.1.

For each experiment, we evaluated the two methods using four criteria. The first was an 

estimate of the FDR using the mean FDP across the simulations. The second evaluation 

criterion was the empirical estimate of the false discovery exceedance (FDX). The FDX 

was defined in Perone Pacifico et al. (2004) as FDX(𝛼) = ℙ(FDP > 𝛼) and measures how 

frequently the false discoveries would exceed the desired control level in individual realizations 

of a process. As argued in Sun et al. (2015), the FDX is especially important in the spatial 

setting where dependence between tests can make the FDP more variable. The third metric 

was the mean difference in the number of true rejections between the smoothing method and 

the base method across the simulations. The fourth criterion was the mean sensitivity. The 

sensitivity is defined as the number of true rejections divided by the total number of false null 

hypotheses. Sensitivity gives a measure of how powerful the method is in rejecting false nulls. 

Ideally, a method would have high sensitivity, while maintaining empirical FDR control and 

keeping FDX low. The results for the experiments are collected in Tables 2.1 and 2.2.

2.3.2 Simulation Results

As seen in Table 2.1, across all simulation experiments, both methods conservatively controlled 

the average FDP, suggesting that empirical FDR control is maintained under both methods. 

The FDX(0.1) values are also similar but in most simulation studies tended to be marginally 

lower for the smoothing method. Across all simulations, the empirical FDR control is 

conservative for the target of 0.1, suggesting there may be further gains from a more 

aggressive procedure. Every experiment performed also showed high specificity, defined as the 
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method 𝜎𝜀 𝑛 𝜙 𝜃
√

𝜓 𝛾 FDP s.d. FDX s.e. 

base 1 50 4.0 0 1.00 7 0.065 0.112 0.231 0.004 
smooth 1 50 4.0 0 1.00 7 0.061 0.120 0.213 0.004 
base 2 50 4.0 0 1.00 7 0.040 0.143 0.099 0.003 
smooth 2 50 4.0 0 1.00 7 0.043 0.154 0.094 0.003 
base 3 50 4.0 0 1.00 7 0.035 0.167 0.054 0.002 
smooth 3 50 4.0 0 1.00 7 0.036 0.167 0.054 0.002 

base 1 100 4.0 0 1.00 7 0.069 0.097 0.262 0.004 
smooth 1 100 4.0 0 1.00 7 0.067 0.107 0.253 0.004 
base 2 100 4.0 0 1.00 7 0.060 0.127 0.196 0.004 
smooth 2 100 4.0 0 1.00 7 0.057 0.135 0.176 0.004 
base 3 100 4.0 0 1.00 7 0.040 0.148 0.092 0.003 
smooth 3 100 4.0 0 1.00 7 0.040 0.151 0.086 0.003 

base 1 50 2.0 0 1.00 7 0.066 0.117 0.230 0.004 
smooth 1 50 2.0 0 1.00 7 0.062 0.128 0.206 0.004 
base 1 50 1.3 0 1.00 5 0.074 0.123 0.257 0.004 
smooth 1 50 1.3 0 1.00 5 0.067 0.149 0.199 0.004 
base 1 50 1.3 0 1.00 7 0.067 0.116 0.236 0.004 
smooth 1 50 1.3 0 1.00 7 0.060 0.134 0.191 0.004 
base 1 50 0.8 0 1.00 7 0.069 0.121 0.243 0.004 
smooth 1 50 0.8 0 1.00 7 0.055 0.145 0.152 0.004 

base 1 50 1.3 1 3.08 7 0.046 0.094 0.167 0.004 
smooth 1 50 1.3 1 3.08 7 0.043 0.103 0.154 0.004 
base 1 50 1.3 1 3.77 7 0.045 0.092 0.164 0.004 
smooth 1 50 1.3 1 3.77 7 0.042 0.099 0.149 0.004 

Table 2.1: Results for controlling false discoveries in the simulation studies. The FDX gives 
the empirical probability estimated across the 10, 000 simulations. The FDP gives the mean 
value across the 10, 000 simulations. The s.d. column reports the sample standard deviation 
of the FDP values across the simulations, the s.e. column reports the estimated standard 
error of the FDX probability.

number of true non-rejections divided by the total number of true null hypotheses. The mean 

specificity values were all higher than 0.99 and typically higher than 0.996 for both methods, 

though the base method had marginally higher values. The distributions of 𝑡-statistics at null 

locations were similar for the base and smooth method, but after smoothing the null statistic 

distribution has slightly heavier right tails. A typical set of histograms for the two null 

statistic distributions simulated from the baseline scenario simulation is shown in Figure A.1 

of Appendix A. The histograms have similar shapes, but the smooth distribution of null 
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statistics has a 0.95 quantile value of 2.44 compared to 2.38 for the base distribution. The 

increased heaviness of the right tail after smoothing could cause a small number of additional 

false discoveries, but the similarity of the mean FDP between the two methods suggests that 

these false discoveries are not happening at a higher rate than before.

Greater differences between the two methods can be seen in the difference in the number of 

true rejections. Figure 2.1a shows histograms of the difference in the number of true rejections 

between the smoothing method and the base method per simulation, for varying levels of 

the noise standard deviations and sample size. Simulations were excluded from the figure 

if neither method produced any rejections, and as the noise variance increases it becomes 

increasingly hard to find any rejections after applying Benjamini-Hochberg. At all three 

noise levels, most of the distribution’s mass is concentrated on positive values, showing that 

the smoothing method improved the number of true discoveries. In the simulations across 

the three noise levels, the mean increase in number of true discoveries using the smoothing 

method, given that either method made at least one rejection, ranged from 36.4 at 𝜎𝜀 = 3 to 

53.1 at 𝜎𝜀 = 1 with 𝑛 = 50 and similarly from 41.7 to 78.6 for 𝑛 = 100. The numbers are 

larger than the mean difference of the figures in Table 2.2, since we are conditioning on either 

method making a rejection. The true rejections for each method are plotted as a scatterplot 

in Figure A.2 of Appendix A.

Additionally, with increasing noise a more bimodal shape to the distribution can be seen 

in Figure 2.1a with the strongest peak near 0 and a secondary peak close to the mean value. 

This occurs due to the increasing proportion of simulations with very little signal relative 

to the noise, resulting in both methods increasingly make no rejections or a small number 

of rejections. Despite this, the long right tail of the distribution of the difference in true 

rejections leads to a positive overall mean increase in this difference for the smoothing method 

over the base method. This bimodal shape becomes less pronounced when the sample size 𝑛

was doubled to 100, as seen in Figure 2.1a.

In all experiments, sensitivities are very low because the denominator, the number of false 
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method 𝜎𝜀 𝑛 𝜙 𝜃
√

𝜓 𝛾 true rej. s.d. sens. s.d. %Δsens. 

base 1 50 4.0 0 1.00 7 205.3 100.2 0.074 0.038 - 
smooth 1 50 4.0 0 1.00 7 257.8 127.6 0.093 0.047 25.234 
base 2 50 4.0 0 1.00 7 45.0 78.3 0.016 0.029 - 
smooth 2 50 4.0 0 1.00 7 61.1 105.6 0.022 0.039 35.426 
base 3 50 4.0 0 1.00 7 11.2 40.8 0.004 0.015 - 
smooth 3 50 4.0 0 1.00 7 16.9 59.2 0.006 0.021 50.464 

base 1 100 4.0 0 1.00 7 360.8 107.5 0.130 0.042 - 
smooth 1 100 4.0 0 1.00 7 439.4 132.1 0.158 0.050 21.488 
base 2 100 4.0 0 1.00 7 154.7 114.1 0.056 0.042 - 
smooth 2 100 4.0 0 1.00 7 196.8 146.8 0.071 0.054 26.925 
base 3 100 4.0 0 1.00 7 44.9 78.7 0.016 0.029 - 
smooth 3 100 4.0 0 1.00 7 61.4 107.4 0.022 0.039 36.537 

base 1 50 2.0 0 1.00 7 108.1 59.5 0.039 0.023 - 
smooth 1 50 2.0 0 1.00 7 154.5 88.7 0.056 0.033 42.406 
base 1 50 1.3 0 1.00 5 42.2 25.1 0.027 0.017 - 
smooth 1 50 1.3 0 1.00 5 70.0 50.3 0.045 0.033 65.033 
base 1 50 1.3 0 1.00 7 55.2 33.5 0.020 0.013 - 
smooth 1 50 1.3 0 1.00 7 89.9 61.1 0.033 0.023 62.524 
base 1 50 0.8 0 1.00 7 22.2 14.5 0.008 0.006 - 
smooth 1 50 0.8 0 1.00 7 40.6 35.9 0.015 0.013 82.309 

base 1 50 1.3 1 3.08 7 207.1 108.0 0.038 0.020 - 
smooth 1 50 1.3 1 3.08 7 280.4 150.3 0.052 0.028 35.463 
base 1 50 1.3 1 3.77 7 259.2 133.5 0.046 0.024 - 
smooth 1 50 1.3 1 3.77 7 342.1 182.6 0.061 0.033 32.090 

Table 2.2: Results for making true rejections in the simulation studies. True rejections and 
sensitivity give the mean values of each quantity across the 10, 000 simulations. The sample 
standard deviations across the simulations are listed after each metric. The percent change 
in sensitivity of the smooth method from the base method is listed in the column following 
the s.d. of sensitivity.
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Figure 2.1: a) Histograms of the difference in number of true rejections between the smoothing 
method and the base method per simulated response, given that either the base or smoothing 
method resulted in a rejected null hypothesis. Simulation results for the isotropic case are 
plotted for 𝜎𝜀 ∈ {1, 2, 3} with separate histograms for 𝑛 = 50, 100. The mean differences are 
marked by the dashed lines of corresponding colors with zero marked by the black dashed 
line. For 𝑛 = 50, out of a total of 10, 000 simulations, 9, 812, 3, 916, and 1, 507 simulations 
had at least one rejection for noise levels 1, 2, and 3, respectively. For 𝑛 = 100, the numbers 
are 10, 000, 8, 328, and 3, 623, respectively. Counts greater than 350 have been truncated 
from each histogram. b) The difference, smooth minus base, in the relative frequency that 
each location was rejected across different samplings of the noise. The simulation parameters 
were 𝑛 = 50, 𝜎2

𝜀 = 1, 𝜙 = 1 using the isotropic case. The covariate field was simulated once, 
the central point was fixed as 𝑙∗ for generating 𝑦𝑖 and noise was resampled 1, 000 times. The 
red, purple, and blue polygons enclose regions of the spatial process where correlations with 
the central location are greater than 1 ⋅ 10−3, 1 ⋅ 10−2, and 1 ⋅ 10−1, respectively. The plot 
has been zoomed in to highlight the central area, but the whole spatial field was generated.

null hypotheses, includes all locations 𝑘 with Σ𝑘𝑙∗ ≠ 0, where 𝑙∗ is the randomly selected 

location with nonzero 𝛽 coefficient. Even with the tapering model, this includes many 

locations with trivial nonzero correlations. In practice, we probably do not want to reject 

these locations. Repeating the simulation experiments with the varying noise levels but only 
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marking locations with 𝛾𝑘 > 0.1 as true alternatives increased the mean sensitivities of all 

experiments by factors ranging from 2.9 to 3.2 (see Table A.8 and Table A.9 in the Appendix 

A). Using these modified true alternatives, mean FDP values also increased between 24 and 

32 percent over the original experiment. However, the mean FDP values all were still below 

the 0.1 target threshold.

Across the original simulations, additional rejections made by the smoothing method 

are much more likely to occur in regions with significantly higher correlations, as seen in 

Figure 2.1b. Additionally, the smoothing method results in large percentage increases in the 

sensitivity over the base method. In every simulation experiment, there was at least a 20%

increase in the sensitivity using the smoothing method. In general, as the correlation length 

scale decreased the increase in sensitivity substantially increased, reaching a peak increase 

of 82.3% when 𝜙 = 0.8 and 𝛿 = 7. These experiments demonstrate that empirically the 

smoothing procedure does successfully increase the power of the hypothesis testing procedure.

Infrequently—in approximately 1.1% of simulations with 𝑛 = 50 and 𝜎𝜀 = 1—the 

smoothing method made no rejections while the base method made a positive number of 

rejections. The opposite situation, with no base rejections but positive smoothing rejections 

occurred even more rarely in only 0.17% of situations. However, as the noise increased the 

two methods achieved more parity in these outcomes, with 4.2% of simulations favoring the 

base method and 3.2% favoring the smoothing method in this regard at 𝜎𝜀 = 2, and 2.3% for 

both methods at 𝜎𝜀 = 3. One possible way this can favor the base method is when the only 

rejections are relatively isolated and come from 𝑡-statistics that barely exceed the rejection 

threshold. In these cases, the smoothing method averages the covariate data for locations 

with 𝑡-statistics that were large enough to be rejected with nearby non-rejected covariate 

locations, causing the originally rejected 𝑡-statistics to lose magnitude and consequently fail 

to be rejected. This suggests that some caution may be warranted by researchers who might 

wish to employ this method when they suspect that the signal they are investigating is both 

weak and has a small spatial-scale.
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Since we are using the same data to fit the covariance functions and conduct the hypothesis 

tests, there is the potential that double-dipping could bias our hypothesis testing results. To 

assess this risk, we ran additional simulations where the smoothing weights were instead fit 

on a second independent sample of the covariate data. This second sample of size 𝑛 was 

drawn from the same multivariate normal covariate distribution as the original sample with 

the same mean vector, 0, and covariance matrix, Σ. The original covariates that were used 

to generate 𝑦𝑖 were standardized and then smoothed using the new weights estimated from 

the independent data. A typical result comparing the 𝑝-values from these two versions of 

the smoothing method is presented in Figure A.3 of Appendix A. The differences in 𝑝-values 

between the two methods were quite small, typically with magnitudes on the order of 10−4. 

This suggests that in our simulations the use of the covariate data twice is not significantly 

biasing the results of our tests. Additionally, we compared the false discovery and evaluation 

metrics for the two methods and found negligible differences (Tables A.6 and A.7).

To test the sensitivity of these results to the choice of window size, we ran the baseline 

simulation study, with 𝑛 = 50 and 𝜎𝜀 = 1, using alternative window sizes of 12∘ × 12∘ and 

16∘ × 16∘. The results are presented in Tables A.3 and A.4. The percentage increases in 

sensitivity were 12.0% and 18.6% for window sizes 12∘ × 12∘ and 16∘ × 16∘, respectively, 

compared to the 25.2% increase found with the 20∘ × 20∘ window. The decline in sensitivity 

improvement as the window size shrinks suggest that using the larger window provides a 

more complete description of the local covariance.

To examine sensitivity of the results to only using a single location with a nonzero 𝛽

coefficient we ran the baseline scenario again with two nonzero 𝛽 values. This was done twice: 

once with equal signals 𝛽1 = 𝛽2 = 1 and once with different signals 𝛽1 = 1.5, 𝛽2 = 0.5. These 

results are presented in Table A.5 of Appendix A. For the base and smoothing methods, the 

mean FDP declined in the new scenarios between 14% and 23% compared to simulations 

with the same parameters but a single nonzero 𝛽 (rows 1 and 2 of Table 2.1). In each case, 

the two methods had similar percentage declines, but the smoothing method had a smaller 
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misspec. method FDP s.d. FDX s.e. true rej. s.d. sens. s.d. %Δsens. 

Matérn-1/2 base 0.065 0.105 0.215 0.004 114.5 94.6 0.041 0.035 - 
Matérn-1/2 smooth 0.059 0.124 0.199 0.004 192.6 140.3 0.069 0.052 67.6 

Matérn-5/2 base 0.065 0.115 0.236 0.004 187.5 84.4 0.067 0.032 - 
Matérn-5/2 smooth 0.063 0.123 0.217 0.004 229.5 108.0 0.082 0.040 22.2 

Laplace base 0.052 0.127 0.160 0.004 122.8 107.5 0.044 0.040 - 
Laplace smooth 0.051 0.136 0.149 0.004 158.1 139.4 0.057 0.051 28.5 

Table 2.3: The results of the simulation studies under misspecification. The FDX gives the 
empirical probability estimated across the 10, 000 simulations. The other evaluation metrics 
give the mean values of each quantity across the 10, 000 simulations. The s.d. lists the sample 
standard deviation across the 10, 000 simulations of the preceding column. The s.e. is the 
estimated standard error for the FDX probability. The percent change in sensitivity of the 
smooth method from the base method is listed in the column following the sensitivity.

decline in FDP than the base method. The sensitivity also declined for each method by 

about 5% in the first scenario and about 14% in the second scenario. Again, the declines in 

sensitivity in both cases were similar, but the smoothing method had smaller declines (6.0%

decline for base vs. 3.7% decline for smooth with the same 𝛽 and 14.2% vs. 14.0% with 

different betas). The percent increase in sensitivity for the smoothing method over the base 

method was similar to the situation with a single nonzero 𝛽 with 28.3% and 25.6% increases 

in sensitivity in the two new scenarios respectively.

Next, the effect of two types of misspecification on the method were explored. First, the 

same simulation study scheme was used, but multivariate normal data were generated using 

tapered Matérn-1/2 and Matérn-5/2 covariance functions instead. The covariance parameter 

values were held fixed at (𝜙, 𝜃, 𝜓, 𝛿) = (4, 0, 1, 7), while 𝑛 was held fixed at 50 and 𝜎𝜀 was 

fixed at 1. Despite the change in the covariance function used to produce the synthetic data, 

the Matérn-3/2 covariance function was still employed in fitting the local covariance functions 

and generating smoothing weights. Second, heavier-tailed Laplace noise with scale parameter 

𝜎𝜀 = 1 was used in generating y. The misspecification results are collected in Table 2.3. In 

each case, the smoothing method maintains conservative, empirical FDR control and reduces 

the estimated FDX while increasing the number of true rejections and the sensitivity, showing 
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that the method is robust to these types of model misspecification. In the Matérn-1/2 case, 

there were many more convergence issues when fitting the MLEs and the fitted covariance 

functions often underestimated the correlation length scale. Despite these issues, in the 

rougher Matérn-1/2 case smoothing seems especially beneficial, even with the misspecified 

covariance function.

Finally, we explored the stability of the rejections made with the smoothing method 

across different samplings of the noise. For this experiment, a sample size of 𝑛 = 50 and an 

isotropic covariance function with 𝜙 = 4 and 𝛿 = 7 were used. 𝑦 was sampled 1, 000 times 

from the model with 𝛽𝑙∗ = 1 and 𝜎2
𝜀 = 1, but, in contrast to the earlier simulations, the 

location 𝑙∗ used to generate 𝑌𝑖 was held fixed, rather than randomly resampled. Results from 

the smoothing method and base method varied across different simulations of the covariates, 

but a typical case is shown in Figure 2.1b. Compared to the base method, the smoothing 

method shows a small decline in the rejection frequency for the points that are closest to 𝑙∗. 

However, in return, the smoothing method makes much more frequent rejections for points 

that are slightly further away.

These simulation studies provide a few key takeaways for applying this method in practice. 

First, using the primary window size of 20∘ ×20∘ resulted in better increases in sensitivity than 

using smaller window sizes, but these simulations were specifically designed with a covariance 

structure that mimics the structure of mid-latitude SSTs. For other climate variables, the 

appropriate window size for covariance fitting and smoothing should be chosen based on 

domain knowledge about that variable. Second, in the simulations, the smoothing procedure 

was robust to double-dipping, suggesting that it is not necessary to segment the limited data 

into separate chunks used for covariance estimation and hypothesis testing. This is crucial 

because of the short record lengths that are common in climate. Finally, these simulation 

results showed robustness to mismatches between the covariance function used for local fits 

and the covariance function that was used to generate the data, so it is not necessary to 

perfectly match the local covariance structure to see benefits from smoothing.
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2.4 Real Covariate Data and Application

2.4.1 SST Covariates with Synthetic Response

To illustrate the smoothing method with real covariate data, the NOAA Extended Recon­

structed SST Version 5 dataset of Huang et al. (2017) was used. This dataset contains 2∘ × 2∘

latitude-longitude gridded, monthly SST data recorded at over 8, 000 locations globally 

starting in the year 1850. To remove impacts of seasonality, we use only July data, which 

was then subset to 60∘S-60∘N. Locations where the data were constant for more than 25%

of the years, which occurs due to seasonal freezing, were removed, and locations in small 

land-locked seas were also removed as they lacked sufficient contiguous locations for the 

windowed smoothing method. This filtering process resulted in a total of 170 observations 

recorded at each of 8,146 locations. From these observations, a 50 year subset from 1959 to 

2008 was chosen. This time window overlaps with the availability of high quality re-analysis 

temperature data from ERA5 (Hersbach et al., 2020, 2023) that is analyzed in Section 2.4.2. 

The length of the time window is set to 50 years to make the results more comparable to the 

length of time for which satellite records are available for many climate variables. At every 

location, location-specific linear trends and means were removed, and the data were divided 

by location-based standard deviations to generate standardized anomalies. Figure 2.2 shows 

the fitted MLE values of the model parameters on this data.

In order to illustrate differences between the smoothed and base methods, a gridbox 

location was fixed and multiple response vectors were generated by adding standard normal 

noise to the standardized anomalies at that location. Figure 2.3 shows the results of inference 

for each method with the first 8 samplings of noise after a seed was set. Based on the 

patterns displayed in Figure 2.3, in the majority of cases the smoothing method increases 

the size of the rejection regions. In all but the last simulation, the core rejection region 

located around the selected location is rejected by both the base and smoothing method. In 

the last simulation, the randomly sampled error weakened the signal to the point that the 
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Figure 2.2: The MLE parameters fit on SSTs from the years 1959 to 2008. The parameters 
were fit using the local model defined in (2.6) with Matérn-3/2 covariance as defined in (2.9). 
𝜙

√
𝜓 is plotted rather than 𝜓, since 𝜙

√
𝜓 is the value of the correlation length scale for the 

more highly correlated direction.

smoothing method makes no rejections while the base method still rejects this core region. 

Each method also tends to make additional rejections outside of the core region in spatially 

coherent patterns, while the base method also tends to make a number of smaller spatially 

isolated clusters of rejections. These simulations highlight the instability of the rejections 
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Figure 2.3: Inference performed with 8 independent samplings of the noise. The seed was 
randomly selected before the 8 generations were made. Rejections are labeled by points, 
with color depending on whether only one of the two methods rejected that location or both 
methods did. The location used to generate 𝑌𝑖 is denoted with a red point.

when fitting noisy responses against correlated covariates with only 50 years of data.

2.4.2 SST Covariates and United States Temperatures

Finally, we apply these techniques to a real data case study. Ocean temperatures are an 

important driver of climate over land through atmospheric teleconnections, wherein convection 

over the ocean leads to propagation of waves through the atmosphere that affect remote 

locations. Motivated by prior work that has explored the link between SSTs and Central US 

heat and drought (e.g., Namias, 1991; McKinnon et al., 2016; Jia et al., 2016), we explored 

whether there was a significant linear relationships between mean July temperatures in 
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the Central US (32.5∘N-45∘N; 105∘-125∘W) and SSTs. The temperature anomalies were 

constructed from ERA5 data (Hersbach et al., 2023) which was subsetted to the fifty year 

period between 1959 and 2008 and area-weighted averaged over the region before a linear trend 

was removed from the time series. This time series was then regressed against the processed 

SST covariates from Section 2.4.1. In Figure 2.4, we compare three cases: rejections based 

on whether individual p-values are less than 0.05 (without correcting for multiple hypothesis 

testing), rejections based on standard Benjamini-Hochberg with targeted FDR control level 

𝛼 = 0.1, and rejections based on Benjamini-Hochberg after applying our smoothing method. 

Before correcting for multiple hypothesis testing, many locations are rejected. However, 

given that we are testing 8, 146 hypotheses and the data are strongly spatially correlated, 

this is expected and not directly interpretable. After applying Benjamini-Hochberg without 

smoothing, no rejections are made, which could suggest that there is no meaningful signal 

between SSTs and Central US temperatures, in contrast to prior results. However, when 

the analysis is repeated with our smoothing method applied to the covariates, a cluster of 

locations in the Pacific Ocean are found to have significant relationships with the temperature 

time series.

The rejected locations in this cluster all have a negative linear relationship between July 

SST anomalies and Central US temperatures. This relationship suggests there may be an 

association between cooler than usual SSTs in this region and hotter July temperatures in 

the Central US. Cool SSTs in this region have been identified in prior work as a precursor 

to Cental US heatwaves (McKinnon et al., 2016) and low precipitation (Ting and Wang, 

1997), although in each case the SST pattern was more widespread than what was identified 

here. While the regression problem explored here is not identical to the prior work, it 

raises the possibility that there are more limited regions of SST influence on central US 

summertime weather than have been identified previously. By pooling the spatial signal 

at each covariate location, we have increased the strength of the relationship between the 

temperatures and locations, thus increasing the power of the hypothesis tests. This enables 
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Figure 2.4: Rejections made by each method in the regression analysis of July US temperature 
anomalies, averaged over the selected region, against July SST anomalies. a) shows rejections 
made using a 0.05 significance level with no FDR control. b) shows that no rejections are made 
after applying Benjamini-Hochberg with 𝛼 = 0.1 to the same 𝑝-values from the first panel. c) 
shows the results of combining our covariate smoothing method with Benajamni-Hochberg.

us to detect interesting regions such as this Pacific Ocean region while still protecting against 

what are likely many spurious rejections when tests were performed without the multiple 

hypothesis control.

2.5 Summary, Discussion, and Conclusions

In this work we have proposed a local smoothing method, based on fitted local covariance 

structures, as a pre-processing step for inference. The method is intended for use in climate 

regression problems, where highly correlated covariates are being tested in parallel at many 

locations. While we do not present theoretical guarantees, our simulation results demonstrate 
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that the smoothing method maintains empirical FDR control at the specified level. In 

addition, the results show increases in sensitivity toward rejecting false nulls by over 20%

and high specificity on the true nulls. Similar to the results in Wilks (2016) for the 𝑡-tests of 

means, we find that the average FDP across simulations was conservative compared to the 

targeted FDR control level, 𝛼 = 0.1.

Despite these advantages, the smoothing method did slightly increase the proportion of 

simulations for which the procedure made no rejections, suggesting there is a small trade-off 

between increasing average power at the cost of more frequently making no discoveries. This 

trade-off became smaller when the noise of the response variable was increased, and was 

indistinguishable in the high noise setting. If researchers expect that the signal they are 

investigating is both weak and small-scale, using the original data without smoothing may 

be more effective in ensuring some discoveries are made.

These simulations also highlight a number of potential issues that climate scientists should 

keep in mind when performing many hypothesis tests. Repeated simulations where different 

samplings of the noise were added to the same gridbox while keeping the covariate data fixed 

produced large variations in the total number of rejections and in their spatial pattern. This 

phenomena is particularly striking in examples where noise is added to real SST covariates, 

such as those shown in Figure 2.3. This shows that the outcomes of the testing procedure can 

acutely depend on the particular observed sampling of the noise. In some simulated covariate 

cases, despite the clear relationship between the chosen gridbox and the response variable, 

no gridboxes were selected after performing Benjamini-Hochberg. An examination of these 

cases revealed that the particular sampling of the noise masked the underlying correlation. 

Sometimes, when rejections were found, the rejections appeared as a tight core around the 

true gridbox. Other times, the rejections covered huge swathes of the testing domain. In 

all of these cases, nothing about the underlying predictor variables or the coefficient 𝛽 had 

changed. The changes in the results were simply shifting due to the noise. This should 

prompt caution when drawing conclusions from the results of hypothesis testing on many 
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climate phenomena where we recognize that the contribution of internal variability is large 

and the spatial correlation of covariates is significant, but we only have one observational 

record to study.

One potential concern with our method is that the same covariate data is used to fit the 

smoothing model as is used in the hypothesis tests, raising the issue of double-dipping. It 

is possible that using the data in this way could bias the hypothesis tests and break FDR 

control, although empirically this did not occur in our simulation studies. One avenue to 

resolve these concerns would be to fit the local covariance models on climate model output 

instead. Climate models are based on physical equations rather than observational data, 

so are independent from our covariate data, but should broadly share the same covariance 

structures. Further work is needed to determine if the use of an inexact covariance structure 

in this approach would decrease the power of the smoothing method.

A concern with the FDR control framework is that the false discoveries are only controlled 

on average, and with any individual sample of data the false discovery proportion is not 

necessarily controlled. In our simulation studies, we present estimated FDX(0.1) values that 

are mostly smaller than 25%, but this suggests that in some cases the FDP might be larger 

than our target control level about a quarter of the time. As an alternative to FDR control, 

another line of research (see e.g. Goeman and Solari (2011) and Goeman et al. (2021)) 

develops methods for finding upper confidence bounds on the FDP of rejection sets. If this 

confidence bound is large, it signals that there is a high level of uncertainty in the multiple 

testing problem and the rejections should be treated with skepticism. In the climate setting 

with highly correlated tests this could be a fruitful avenue for future exploration.

Despite its limitations, the combination of smoothing methods with Benjamini-Hochberg 

holds promise for improving the reliability and power of large scale hypothesis testing in 

the climate setting. Applying some correction for multiple hypothesis testing is crucial for 

performing research that involves many comparisons. As a framework, FDR control finds a 

useful balance between making discoveries and protecting against false ones. Whether our 
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spatial smoothing method, another spatial FDR method, or the original Benjamini-Hochberg 

method is employed, our hope is that correction for multiple hypothesis testing becomes more 

widespread in climate applications moving forward.

2.6 Data and Code Availability

The NOAA ERSST, Version 5 data (Huang et al., 2017) is publicly available and can be 

obtained from the NOAA PSL, Boulder, Colorado, USA, at their website: https://psl.

noaa.gov/data/gridded/data.noaa.ersst.v5.html. The ERA5 data (Hersbach et al., 

2020) is also publicly available and can be obtained from the Copernicus Climate Change 

Service, Climate Data Store, at https://doi.org/10.24381/cds.adbb2d47. The code for 

this project is available at a public github repository https://github.com/kylemcevoy/

cov_smooth_climate.
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Chapter 3

Quantifying Uncertainty in Extreme 

Precipitation Quantiles over the 

Conterminous United States using an 

Observational Large Ensemble

The observational record of precipitation provides an inherently limited sample of low-

likelihood, high-impact extremes, making quantification of uncertainty in these extremes 

difficult. While climate models are a useful tool, the well-known biases in the precipitation 

simulated by Earth System Models necessitate alternative approaches. In order to address 

these challenges, we use statistical resampling techniques to create an Observational Large 

Ensemble of monthly precipitation, enabling a a more robust sampling of the precipitation 

distribution. Using this large ensemble, we explore how important modes of climate variability 

combine with unpredictable sources of variability to produce extreme precipitation in the 

continental United States. Confidence intervals for extreme quantiles of December precipi­

tation show substantial spread in the western and southeastern United States, highlighting 

the potential that estimates based on our current records might underestimate extremes. To 
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illustrate the influence of the climate modes on extremes a local case study near Los Angeles is 

presented. Finally, the method is used to explore variability in precipitation across California, 

showing the potential that dry years might be drier and dry stretches more frequent than 

expected based on the observational record due to sampling of internal variability alone.

3.1 Introduction

Effectively managing water resources requires understanding the complex spatiotemporal 

variability of precipitation, but the short observational records of precipitation and the high 

variability of the process make estimates of the tails of the precipitation distribution highly 

uncertain. This uncertainty makes planning for overly wet or extreme drought years difficult. 

Furthermore, there are a range of processes and timescales relevant for precipitation extremes, 

ranging from synoptic-scale storms (e.g. Barlow et al., 2019) to decadal-scale variations in 

sea surface temperatures (SSTs) that can drive persistent atmospheric circulation responses 

(e.g. Deser et al., 2004). A complete estimation of the distribution of precipitation, and the 

expected sampling variability from a limited observational record, requires incorporating 

multiple processes that span timescales.

Here, we focus on the conterminous United States (CONUS), where studies have previously 

investigated precipitation extremes by fitting generalized extreme value distributions to daily 

maxima over blocks of time, usually seasons or years (e.g. Zhang et al., 2010; Risser et al., 

2021). But, water availability for cities and agriculture also depends on the surpluses or 

deficits of precipitation that accumulate over much longer time frames, such as months or 

seasons. Additionally, while the spatial coverage of these studies can be large, the models are 

generally fit to time series of data individually, without accounting for the complex spatial 

structure of precipitation. Since water resources are often managed and distributed over much 

larger regions, it’s important to model the full complexity of the spatiotemporal process.

In contrast, Earth system models (ESMs) produce full spatiotemporal simulations of 
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precipitation. These models can be run repeatedly with perturbations to the initial conditions 

to produce large ensembles that can be used to quantify the internal variability in precipitation 

(Deser et al., 2020). However, while the latest Coupled Model Intercomparison Project (CMIP) 

Phase 6 models have reduced biases compared to CMIP Phase 5 models (e.g. Danabasoglu 

et al., 2020), many regional biases persist in various aspects of the precipitation distribution 

(e.g. Sharif et al., 2025; Rivera and Arnould, 2020; Ossó et al., 2023), suggesting that 

alternative methods are needing to properly quantify the uncertainty in monthly extremes.

Stochastic weather generators (Wilks and Wilby, 1999) are another tool for generating 

simulated spatiotemporal fields of precipitation. Typically, these methods have been applied 

and validated with daily precipitation fields over smaller domains like watersheds (Chen et al., 

2010; Verdin et al., 2015; George and P., 2023). Though recent work has applied these ideas 

to simulating daily rainfall over larger domains, like the state of California (Najibi et al., 

2024), these methods generally focus on much smaller spatial domains than CONUS.

Climate modes of variability have been previously linked to shifts in the precipitation 

distribution over the continental United States in the literature. The positive phase of the 

El Niño-Southern Oscillation (ENSO) has been linked to increases in both daily maximum 

winter precipitation (e.g. Zhang et al., 2010; Risser et al., 2021) and seasonal totals of winter 

precipitation (Risser et al., 2021; Stone et al., 2023; Deser et al., 2018) over the southern 

US. The positive phase of the Pacific Decadal Oscillation (PDO) has also been linked to 

increases in daily maximum winter precipitation and winter seasonal totals in the central 

and eastern US and declines in the Ohio River valley (Zhang et al., 2010). The positive 

phase of the Pacific North America (PNA) pattern has been associated with large declines 

in winter daily maxima over the interior west of the US and the Ohio River Valley (Risser 

et al., 2021), as well as declines in winter precipitation totals over these regions (e.g. Leathers 

et al., 1991; Risser et al., 2021), The North Atlantic Oscillation (NAO) was found to have 

only limited effects on winter daily precipitation maxima by Zhang et al. (2010), but Risser 

et al. (2021) found that the positive phase of the NAO was linked to significant increases in 
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winter daily maximum return levels and seasonal totals of precipitation over a region centered 

on Arkansas. Because of the significant impacts of these modes on precipitation variability 

the effects of these various modes will need to be accounted for in order to properly model 

precipitation variability over CONUS.

In this work, we expand on the method of McKinnon and Deser (2021) to study extreme 

monthly and seasonal precipitation over CONUS using an Observational Large Ensemble 

(Obs-LE). The focus of the analysis is two-fold. The first goal is to quantify the uncertainty 

in our estimates of extreme monthly precipitation by producing confidence intervals for the 

quantiles of the distribution. The second is to improve our understanding of how large scale 

modes of climate variability, such as ENSO, influence these monthly extremes, and how novel 

combinations of these modes, rarely seen in the observations, can shift the distribution of 

precipitation and extreme values over CONUS.

3.2 Methods

3.2.1 Data Sources

For observational precipitation data, we use the Global Precipitation Climatology Centre’s 

(GPCC) 1 degree by 1 degree latitude longitude resolution gridded dataset (Schneider et al., 

2017), and for climate model data we use the Community Earth System Model version 2 large 

ensemble (CESM2-LE) at nominal 1 degree by 1 degree latitude longitude resolution (Rodgers 

et al., 2021). For the CESM2-LE, we restrict to the 50 members of the large ensemble with 

the smoothed biomass burning forcing due to concerns about changes in variability induced 

by changes in the forcing (Heyblom et al., 2022). To calculate the climate modes (discussed 

below), we use monthly time series of the modes as calculated by the Climate Variability 

Diagnostics Package (CVDP) version 6 (Maher et al., 2025) for both the observations and 

the CESM2-LE. For the observations, the monthly Niño-3.4 and Pacidic Decadal Oscillation 

indices are calculated using ERSSTv5 (Huang et al., 2017) sea surface temperature data 
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from the period 1920-2020, while the PNA and NAO indices are calculated using sea level 

pressure data from a combination of the ERA-20C reanalysis (Poli et al., 2016) for the years 

1920-1939 and the ERA5 reanalysis (Hersbach et al., 2020) for the years 1940-2020.

3.2.2 Statistical Model and Methods

In order to better quantify uncertainty in monthly precipitation extremes given short obser­

vational records, we update the observational large ensemble (Obs-LE) method of McKinnon 

and Deser (2021). In this method, synthetic records of precipitation are generated using a 

combination of resampling techniques that capture the impact of climate modes of variability 

and unrelated atmospheric variability on the spatiotemporal precipitation fields.

In order to apply the method, we fit regression models of transformed precipitation (the 

transformation is discussed below) against climate modes. The choice of modes in this model 

was based on those that had previously been found to have significant impacts on monthly 

precipitation totals or on daily precipitation extremes in the literature, as discussed in the 

introduction. Since different months and locations can have different climate responses to 

the modes, we fit separate regression models for each month and location. This leads to a 

collection of regression models

̃𝑃𝑙,𝑡(𝜆) = 𝛽0,𝑙,𝑚 + 𝛽ENSO,𝑙,𝑚ENSO𝑡 + 𝛽PDO,𝑙,𝑚PDO𝑡 + 𝛽PNA,𝑙,𝑚PNA𝑡

+ 𝛽NAO,𝑙,𝑚NAO𝑡 + 𝜀𝑙,𝑡,
(3.1)

the subscript 𝑙 refers to location, the subscript 𝑡 indexes the months through time, 𝑚 refers 

to the month corresponding to time 𝑡, and 𝜆 is the optimized value of the transformation 

parameter. The error term 𝜀𝑙,𝑡 is assumed to have mean zero and constant variance. The 

fitted coefficients from this model are treated as fixed in the rest of this process.

𝑅2 values for the monthly models of transformed precipitation are shown in Figure 3.1. 

Similarly to McKinnon and Deser (2021), we find that most 𝑅2 values are low with the 

majority of values under 0.15, though the values in December, January, and February tend 
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to be larger. Thus, consistent with prior work (McKinnon and Deser, 2021), the majority of 

variability in precipitation at the gridbox scale is caused by largely-unpredictable “atmospheric 

noise”; as we will see, the influence of the modes is greater at larger spatial scales.

As in McKinnon and Deser (2021), we do not fit a forced response in this model. At­

tempts were made to fit a forced response using atmospheric log(CO2) concentrations and 

anthropogenic aerosol emissions as regressors. However, when fitting these regressions for 

individual CESM2 members we found low signal-to-noise ratios for these variables with 

widely varying fitted forced responses across ensemble members. This suggests that with 

currently available data it might not be possible to consistently estimate the forced response 

in precipitation at the gridbox level. Therefore, we dropped the forced response from the 

model. One consequence of this decision is that the forced response will end up as part of 

the residual term that is resampled across the record.

Figure 3.1: Monthly 𝑅2 values for the fits of Eqn. (3.1) on transformed precipitation. 

Within our model, we use the Box-Cox transformation to improve the fit by increasing 
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the symmetry and homoscedasticity of the error terms. The transformation is defined for 

transform parameter 𝜆 > 0 as,

̃𝑃𝑙,𝑡(𝜆) =
𝑃 𝜆

𝑙,𝑡 − 1
𝜆

,

where 𝑃𝑙,𝑡 is the monthly precipitation rate in units of mm/day at location index 𝑙 and 

time index 𝑡. Each month and location is transformed separately, and this transform is 

optimized separately for each month and location as well. The parameter is selected through 

maximizing the log likelihood of the residuals across different choices of 𝜆, assuming that 

the residuals are normally distributed, as in Box and Cox (1964). Since the model assumes 

homoscedasticity in the errors rather than in the unconditional precipitation, optimizing the 

transformation using the residuals more directly targets the desired variance stabilization 

of the residuals. Optimizing 𝜆 using the method of Box and Cox (1964) requires that all 

values of 𝑃𝑙,𝑡 must be positive to ensure that the Jacobian of the transformation is nonzero. 

Therefore, we add a value of 1 ⋅10−6 to each precipitation value. And, for ease of optimization 

and the ability to compare across locations, we restricted our optimization of 𝜆 to the set 

{1/4, 1/3, 1/2, 2/3, 3/4, 1}.

As in McKinnon and Deser (2021), the indices for each of these climate modes are 

sequentially orthogonalized using the Gram-Schmidt process. This orthogonalization removes 

any lag-zero correlations between the modes, simplifying the process of generating synthetic 

modes. The order of the sequential orthogonalization is ENSO, PDO, PNA, and NAO, and 

further references to these modes within this paper refer to the orthogonalized versions of 

these mode indices. Therefore, the effect of the PNA, for example, should be interpreted as 

the effect of the PNA after its correlation to ENSO and PDO has been removed.

In order to simulate new realistic sequences of the climate modes, we employ the Iterative 

Amplitude Adjusted Fourier Transform (IAAFT) method (Schreiber and Schmitz, 1996, 

2000). This method was previously used in McKinnon and Deser (2021) to generate synthetic 

versions of the ENSO, PDO, and AMV. In that work, the surrogate modes were generated in­

dependently from each other; however, while the modes have been sequentially orthogonalized, 
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this only constrains the lag-zero cross-correlations to be 0. As the lag increases the dampening 

effect of the orthogonalization on this cross-correlation weakens and the cross-correlations 

between the ENSO, PDO, and PNA increase in magnitude (see Figure B.1 for an example 

with the ENSO and PDO modes; the NAO does not significantly correlate with the other 

modes). Therefore, in order to generate synthetic modes with realistic cross-correlations, we 

implemented a multivariate version of the IAAFT method as described in Keylock (2012). 

This multivariate version of the algorithm modifies the synthetic modes so that the phase 

shifts between the modes are forced to equal those that were observed in the original modes, 

maintaining the observed cross-correlations (Figure B.2). In order to preserve the monthly 

pattern of variances in the ENSO, PDO, PNA, the newly generated synthetic modes are 

rescaled by month, so that the monthly variances match those of the observed index. This 

process results in synthetic modes that closely match the observed power spectral density of 

the modes and still retain realistic cross-correlations.

As in McKinnon and Deser (2021), the residuals of the fitted Eqn. (3.1) are resampled 

used a moving block bootstrap with blocks that include the entire spatial field and multiple, 

integer years of time. This choice of block helps maintain a realistic spatiotemporal correlation 

structure in the bootstrapped residuals. To select a sufficiently long block length to preserve 

the temporal autocorrelation structure of the data, the method of Wilks (1997) was applied to 

the residual time series of each gridbox. As in McKinnon and Deser (2021), we determined the 

time block length by taking the 0.97 quantile value of the fitted block lengths across the study 

domain. This ensures that the blocks are of sufficient length to capture the autocorrelation 

at most locations, while reducing the influence of outliers. This process resulted in a block 

length of 24 months for both the GPCC and CESM2 datasets.

Finally, the simulated spatiotemporal fields are made by plugging the synthetic modes 
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and the boostrapped residuals into Eqn. (3.1) with the fitted coefficients:

̃𝑃 Synth
𝑙,𝑡 (𝜆) = ̂𝛽0,𝑙,𝑚 + ̂𝛽ENSO,𝑙,𝑚ENSOSynth

𝑡 + ̂𝛽PDO,𝑙,𝑚PDOSynth
𝑡 + ̂𝛽PNA,𝑙,𝑚PNASynth

𝑡

+ ̂𝛽NAO,𝑙,𝑚NAOSynth
𝑡 + 𝜀Synth

𝑙,𝑡 ,
(3.2)

where the superscript Synth marks the newly generated components and ̂𝛽 denotes the fitted 

coefficients.

Conceptually, the fitted values generated by multiplying the fitted coefficients against the 

synthetic modes model the impact of the climate modes for synthetic ensemble members, and 

the resampled residual, 𝜀Synth
𝑙,𝑡 , can be thought of as containing a random sample of short term 

atmospheric variability that is uncorrelated with the modes and the features of precipitation 

that are not captured by the model, including any non-linear effects of the modes, a forced 

response, or the impact of other modes that were not included in the model. Therefore, 

this method allows us to explore how the juxtaposition of new sequences of climate modes 

with different samplings of unrelated internal variability could lead to different frequencies 

and magnitudes of extreme precipitation. Repeating this process many times enables us to 

estimate the variability in observed extremes in a way that accounts for alternative sequences 

of climate modes, including unobserved or rarely-observed combinations of these modes.

Repeating this process many times, we can generate the Obs-LE. For this work, we 

generated a 1,000 member Obs-LE using the GPCC data. Similarly, we generated 1,000 

member ensembles from each of the 50 CESM2-LE members to form 50 Synthetic Large 

Ensembles (Synth-LEs).

We treat the new synthetic records as independent samples from the climate process, 

and use these samples to estimate a confidence interval for the 𝜏-quantile, 𝜏 ∈ (0, 1), of 

monthly precipitation at each location 𝑗, 𝑄𝑗(𝜏). For each synthetic record 𝑖 and location 𝑗, 

we calculate the 𝜏 sample quantile of monthly precipitation, 𝑄̂𝑗,𝑖(𝜏), over the desired set of 

months. The sets of months over which the quantiles are calculated are flexible. For example, 

we can calculate the quantiles over all months, over all Decembers, or over all months in the 

44



December-January-February (DJF) season. This process gives us 1,000 estimates of the 𝜏

quantile at each gridbox, {𝑄̂𝑗,𝑖(𝜏)}1000
𝑖=1 . From this set of sample quantiles we estimate the 

lower and upper bounds of the 95% confidence interval for 𝑄𝑗(𝜏) using the 0.025 and 0.975

quantiles of the estimates, {𝑄̂𝑗,𝑖(𝜏)}1000
𝑖=1 , respectively.

3.3 Validation

Figure 3.2: EOFs calculated on 100 years of DJF season precipitation totals across 50 ensemble 
members. For each ensemble the ensemble members are concatenated in the time dimension 
before the EOF decomoposition is performed. For CESM2 the EOFs are found using the 50 
members of the large ensemble. For the synthetic ensembles 50 synthetic members were used. 
The synthetic CESM2 members were generated using the first ensemble member of the large 
ensemble. The EOFs are standardized to have unit ℓ2-norm. Since the signs of the EOFs are 
arbitrary, some sign flipping has been performed to ease visual comparison. Note that the 
colorbar is nonlinear with values doubling at each colorbar tick.

To evaluate how well the Obs-LE generated from a single record samples the internal 

variability in observed extremes, we use the CESM2-LE as a methodological testbed (Figure 4 

in Deser et al., 2020). First, to validate the spatiotemporal variability sampled by the method, 
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we perform an empirical orthogonal function (EOF) analysis on the full 50-member CESM2-LE 

and compare the results to an EOF analysis performed on the Synth-LE generated from just 

the first CESM2-LE member. For the Synth-LE the first 50 ensemble members are selected 

to make the comparison. Data matrices for each ensemble are formed by concatenating the 

values for the 50 ensemble members along the time dimension. In Figure 3.2 we show the 

first four modes of the EOF analyses on DJF precipitation totals for the 100 complete DJF 

seasons over the time span 1920 to 2020. These 100 seasons result in data matrices with 

50 × 100 = 5, 000 rows and 839 spatial columns. The EOF analysis shows that the Synth-LE 

based on ensemble member 1 broadly matches the spatial patterns and variance contained 

in each mode from the CESM2-LE. There are some differences in the magnitudes of the 

patterns, with a larger region of negative patterns in the Southeastern United States in EOF 

1 and more intense negative pattern in California in EOF 2. In contrast, the EOFs of the 

GPCC Obs-LE show much different patterns with a more uniform signal across the US in the 

first EOF and substantially smaller variance explained by this mode. EOF 2 of the GPCC 

Obs-LE, with its contrasting pattern of western drying and southeastern wetting, does not 

have a clear analogue in the first four modes of the CESM2-LE EOFs, though this pattern 

could potentially be created by a linear combination of other EOFs.

Second, to evaluate how well the impact of the climate modes is reflected in the Obs-LE, 

we compared DJF composites of the climate modes in GPCC with the Obs-LE. In order 

to form the composites, we selected all DJF months with mode indices above a value of 1

and took the average of the monthly precipitation values to get a positive phase average. 

Then we selected all DJF months with mode indices below −1 and took the average to get a 

negative phase average. The composite was formed by subtracting the negative phase average 

from the positive phase average. The results are plotted for the GPCC and the Obs-LE in 

Figure 3.3. The Obs-LE patterns match the GPCC patterns well, though the composite 

values tend to be somewhat smaller in magnitude for the Obs-LE, especially for the PDO.

Third, we can use the collection of Synth-LEs generated from each CESM2-LE ensemble 
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Figure 3.3: Precipitation composites for climate modes of variability in GPCC observations 
and the GPCC Obs-LE during DJF. For each mode index, averages of monthly precipitation 
are taken over all months in the DJF season with positive and negative phase, respectively, 
and the negative phase average is subtracted from the positive phase average to obtain the 
composite. Positive phase months are defined to be those with index values that were greater 
than 1 standard deviation above 0, and negative phase months are defined to be those with 
index values less than 1 standard deviation below 0.

member to understand how well the confidence interval generated from a single record can 

capture the variability of the full unobserved distribution. For the Synth-LE generated from 

CESM2-LE member 𝑘 ∈ {1, 2, … , 50}, let 𝑄̂𝑘,𝑗,𝑖(0.95) be the sample quantile estimated 

at location 𝑗 for Synth-LE member 𝑖 across the December months, and let 𝑄̄𝑘,𝑗(0.95) =

(1/𝑛) ∑𝑛
𝑖=1 𝑄̂𝑘,𝑗,𝑖(0.95) be the associated sample mean of the quantile estimates, where 
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𝑛 = 1000. Then,

𝑠𝑘,𝑗 =
√√
⎷

1
𝑛 − 1

𝑛
∑
𝑖=1

(𝑄̂𝑘,𝑗,𝑖(0.95) − 𝑄̄𝑘,𝑗(0.95))
2
,

gives the sample standard deviation of the quantiles for Synth-LE 𝑘. Let 𝑠CESM2,𝑗 be the 

corresponding sample standard deviation taken across the 50 quantile estimates of the 

CESM2-LE. Then, 𝑠CESM,𝑗 is an estimate of the variability of this quantile across the climate 

distribution, and each 𝑠𝑘,𝑗 corresponds to an estimate of this variability based on a single 

record.

Figure 3.4a) shows the fractional difference between the mean 𝑠𝑘,𝑗 value,

̄𝑠𝑗 = 1
50

50
∑
𝑘=1

𝑠𝑘,𝑗,

and 𝑠𝐶𝐸𝑆𝑀2,𝑗, normalized by 𝑠𝐶𝐸𝑆𝑀2,𝑗, i.e.

̄𝑠𝑗 − 𝑠𝐶𝐸𝑆𝑀2,𝑗

𝑠𝐶𝐸𝑆𝑀2,𝑗
,

for December precipitation. The majority of locations have fractional biases between −0.15

and 0.15, but a few locations have values below −0.30 and above 0.30. The average fractional 

bias value is 0.026. The variability of these standard deviation estimates is larger on the west 

coast of the United States and in the eastern part of the country (Figure 3.4b)). Notably, there 

is a cluster of especially large standard deviations centered in the Sierra Nevada mountains 

of California. Histograms of 𝑠𝑘,𝑗 at individual locations show a range of patterns, including 

large spread and low bias (Figure 3.4c, a gridbox near Los Angeles) and lower spread but 

high bias (Figure 3.4d, in the eastern US). At most locations there is substantial sampling 

variability in our estimate of 𝑠𝑘,𝑗 across the Synthetic-LEs, which should be kept in mind 

when evaluating the GPCC confidence intervals that are based on our only observational 

record. Figure B.3 shows analogous results for the 0.05 quantile.

One concern with using the CESM2-LE to test the validity of the quantile variability 
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Figure 3.4: a) The fractional change in the mean standard deviation of the 0.95 quantile 
of December precipitation across the Synth-LEs generated from each CESM2-LE member 
from the standard deviation of 0.95 quantile estimates of December precipitation across the 
CESM2-LE member, i.e. ( ̄𝑠Synth − 𝑠CESM2)/𝑠CESM2. b) The standard deviation of the 50
estimates of the standard deviation of the 0.95 quantile from the 50 Synth-LEs. c) Histogram 
of the standard deviation estimates of the 0.95 quantile across the 50 Synth-LEs at the 
gridbox surrounded by the black rectangle in a) and b). d) Histogram of the standard 
deviation estimates of the 0.95 quantile across the 50 Synth-LEs at the gridbox surrounded 
by the green rectangle in a) and b). In c) and d) CESM2-LE standard deviation is plotted 
as a red dashed line, while the mean value across the 50 Synth-LE estimates is plotted as a 
black dashed line. The bin widths of the two histograms are different.

sampled by the Obs-LE is that the optimization process for 𝜆 can produce different values 

for the GPCC and the CESM2-LE. Figure B.4 shows that the fractional differences of the 

individual 𝑠𝑘,𝑗 values depends somewhat on the value of 𝜆 with a trend of increasing errors 

in the right tail as 𝜆 decreases. Despite this trend, there is heavy overlap in the interquartile 
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region of the distributions. Compared to the CESM2-LE, the GPCC optimized values of 𝜆

show a lower proportion of 1/4 and increased proportions of 1/3 and 1/2 (Figure B.5).

3.4 Results

Now that we have validated the method, we turn to understanding the range of extreme high 

and low precipitation that could occur in an 100-year record due to different samples of internal 

variability. We are particularly interested in cases where there is a large uncertainty in the 

extremes due to high variability, and in cases where the plausible extremes are meaningfully 

different from what was observed. To do so, we examine the spread of extreme quantile 

estimates across the Obs-LE. We first focus on December and use the 1,000 member GPCC 

Obs-LE to estimate uncertainties in the 0.05 and 0.95 quantiles of precipitation across all 

December months and produce a 95% confidence interval (CI) for each quantile. These 

quantiles correspond to left and right tails values that would be exceeded once in every 

20 Decembers in the long-run. The confidence intervals for the 0.95 quantile in Figure 3.5 

show substantial spread with a handful of gridboxes exceeding 150 mm in spread and many 

more gridboxes exceeding 100 mm in spread, indicating that there is high uncertainty in our 

estimates of these quantiles from the current observational records. These regions with the 

most uncertainty broadly track the regions with the largest 0.95 quantiles, concentrating in 

the Pacific Northwest and interior South. As shown in Figure 3.5 these regions have especially 

large upper tail uncertainty with upper bounds of the CI that are at least 50 mm higher than 

the observed quantiles. One notable region of uncertainty relative to the observed sample 

quantile is in Southern California concentrated near Los Angeles, where the upper bound is 

50 to 100 mm higher than the observed quantile values.

The observed 0.05 quantile value is under 10 mm across much of the interior and 

southwestern US, leaving little room for uncertainty in the negative direction (Figure 3.6). 

However, the Pacific Northwest and eastern US show more spread in the confidence interval, 
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Figure 3.5: Confidence intervals for the 0.95 quantile of December monthly precipitation 
found using the GPCC Obs-LE. The spread refers to the upper bound of the confidence 
interval minus the lower bound.

including gaps of over 30 mm between the observed quantile values and the lower bound of 

the confidence interval at some locations.

Turning our attention to the impacts of the climate modes, some combinations of the 

climate modes have only rarely, or never, appeared in the records to date, making it difficult 

to disentangle the impact of the modes from the observed samplings of internal variability. 

This lack of data obscures how the effects of these modes might combine with each other, 

potentially leading to more extreme values. To explore how rare combinations of modes could 

impact December, January, February (DJF) precipitation over CONUS we used the fitted 

regression coefficients to select sets of modes that maximized precipitation over California 

and Florida, respectively. For California, this wet-phase maximization occurred when ENSO 

was in the positive phase and PNA and NAO were in the negative phase. The corresponding 

dry-phase minimization occurred with these modes in the opposite signs. For the PDO, the 

signs of the coefficients over California were not consistent across these months, so we did 

not condition on the PDO. For Florida, the precipitation was maximized with ENSO, PDO, 

and PNA in the positive phase and NAO in the negative phase.
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Figure 3.6: Confidence intervals for the 0.05 quantile of December monthly precipitation 
found using the GPCC Obs-LE. The spread refers to the upper bound of the confidence 
interval minus the lower bound.

Figure 3.7: Monthly precipitation composites conditioned on multiple modes for December, 
January, and February (DJF) months from the GPCC-based Observation Large Ensemble. 
The composites were calculated by averaging over DJF months for which the listed surrogate 
modes were above (+) or below (-) one standard deviation from 0, and subtracting the 
average over the subset with modes above or below 1 standard deviation with the opposite 
signs. The modes in a) were selected to maximize precipitation in California, while the modes 
in b) were chosen to maximize Florida precipitation.
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To quantify the impact of these combinations, we took the total of 303, 000 December, 

January, and February months in the Obs-LE (1000 ensemble members times 101 years times 

3 months per year) and found the subsets of the months where the standard deviation of 

each index was simultaneously above a magnitude of 1 in the direction of either the wet 

or dry phases. The precipitation in these months was then averaged over the wet and dry 

phases and the dry phase average was subtracted from the wet phase average. The results in 

Figure 3.7 show much stronger effects than the individual mode composites of Figure 3.3, 

illustrating the increased potential for extreme precipitation with favorable combinations of 

modes. While the spatial pattern for the California-based composite shows above average 

precipitation across nearly all of CONUS, with the exception of western Washington, the 

Florida-based composite shows that the wettest conditions in Florida arise during the driest 

conditions in the southern Mid-west and interior South and vice versa.

While the composites emphasize the average effects of the modes, internal variability is 

still a dominant component of the precipitation fields. To illustrate the influence of internal 

variability with a case study, Figure 3.8a compares histograms of monthly precipitation during 

the DJF season in the Obs-LE at the gridbox centered at 34.5∘𝑁, 118.5∘𝑊 latitude-longitude 

(this gridbox lies just north of the city of Los Angeles). The histograms are plotted under 

dry, neutral, and wet conditions defined by negative ENSO and positive PNA, Neutral ENSO 

and PNA, and positive ENSO and negative PNA, respectively. The neutral conditions are all 

DJF months for which the mode index is within 1 standard deviation of 0 and the positive 

(resp. negative) condition are defined as months for which the index is 1 standard deviation 

above (below) 0. Under dry-mode conditions there is a notable increase in the concentration 

of monthly totals under 50 mm and a shortening of the right tail values compared to the 

neutral conditions, while under the wet-mode conditions the distribution shifts to the right 

and becomes more skewed. The impact on the extremes of the distribution can be seen in the 

shifting of the 0.95 quantile value from a value of 144 mm in dry conditions, to 201 mm in 

neutral conditions, and 282 mm in the wet conditions. Despite this strong impact of ENSO 
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and PNA on the shape of the distribution, the role of internal variability is key as shown 

by the spread of the histograms under all three conditions. Even under the dry conditions, 

32.7% of months have precipitation amounts above the overall median and even under wet 

conditions we see 8.8% of months under the the overall 0.2 quantile.

Figure 3.8: a) Histograms of DJF season monthly precipitation values from the GPCC Obs-LE 
at the 34.5∘𝑁 × −118.5∘𝑊 latitude-longitude gridbox. The histograms are conditioned on 
values of the ENSO and PNA indices, with ENSO/PNA+ and ENSO/PNA- referring to the 
positive and negative phases of those modes, respectively. The mode is in the positive phase 
when the standardized index is greater than 1, and the mode is in the negative phase when 
the index is less than −1. The neutral phase of each mode refers to when the index is between 
−1 and 1 standard deviations from 0. Dashed lines indicate the estimated conditional 0.95
quantile of the DJF monthly precipitation distribution. b) An example synthetic time series 
highlighting an extreme event simulated by the Obs-LE at the same gridbox. An alternate 
realization of the model is plotted where the same sequence of residuals was input to the 
model, but with all modes set equal to 0.

The largest extreme values are most likely to arise during the juxtaposition of modes 

and atmospheric variability that both favor precipitation. In the context of our model, this 

effect can be demonstrated by comparing very extreme events simulated in the Obs-LE with 

an alternate realization of those same events simulated with the same residual sequence 

but with all of the modes in the model set to 0. Figure 3.8b shows an example of such a 
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comparison at the same gridbox near Los Angeles. At this location, the selected extreme 

month had a simulated precipitation value of 410.0 mm which is above the simulated 0.998

quantile of monthly precipitation during DJF at this location in the Obs-LE, and is larger 

than the maximum observed value of 342.3 mm in the GPCC dataset from January 1969. 

The event simulated with the same residual but with all of the modes set to 0, had a monthly 

precipitation value of just 330.5 mm. In this simulated month, the surrogate ENSO index 

had a value of 2.73 while the other indices were neutral. The combination of a strong ENSO 

with a large residual component led to a record breaking value.

3.4.1 California Water Resources

California experiences a high degree of interannual variability in precipitation with important 

consequences for municipal water supplies, ecosystem health, and agriculture. Here we use the 

Obs-LE to better understand uncertainty in key aspects of California water year precipitation. 

In order to define California precipitation, we take the GPCC gridboxes whose centers lie 

within the state borders and take the sums of the monthly totals from October to September 

of the following year. Then, we take area-weighted means of the gridbox time series to get 

time series of mean California precipitation. Applying this process to each Obs-LE member 

produces an ensemble of water year time series, and from this ensemble we can estimate 

quantile distributions and other features of California precipitation. These analyses are 

validated in Figures B.6, B.7, and B.8.

First, we analyze the 0.2 quantile of California precipitation. This quantile has previously 

been used as a threshold for “very dry years” (Persad et al., 2020). The observed 0.2 quantile 

over the years 1920 to 2020 was 394.3 mm, but the Obs-LE distribution for the quantile, 

shown in Figure 3.9a, shows substantial spread around this observed value. The 95% CI for 

this quantile calculated from the Obs-LE is 369.6 mm to 425.4 mm, showing the potential for 

much drier values of this quantile. We can repeat this process conditional on the value of the 

ENSO index. Since most precipitation in California falls during the winter, DJF, season, we 

55



Figure 3.9: a) Histograms of 0.2 quantile estimates across the Obs-LE for California water 
year (September to October) mean precipitation. Negative and positive ENSO are defined by 
averaging the ENSO index over the DJF season, and selecting corresponding water years to 
include based on whether the index was above 1 or below −1. b) The proportion of Obs-LE 
members with the specified number of extended dry stretches over the 100 year synthetic 
record. Extended dry stretches are defined as sequences of at least three consecutive years of 
below median California average precipitation. Sequences longer than three years are only 
counted once.

use the mean DJF index for each water year to find positive ENSO (mean index values greater 

than 1) and negative ENSO (mean index values less than 1) water years. Finding the 0.2

quantiles on these subsets of water years, gives us distributions of the quantile for each ENSO 

phase. As expected from the substantially smaller samples of years that fall into each phase, 

the variability of the conditional quantiles is much higher than the unconditional quantile 

estimates (Figure 3.9a). While the observed conditional 0.2 quantiles do not differ much from 

the unconditional quantile (401.0 mm for negative ENSO and 397.9 mm for positive ENSO), 

these estimates are based on only 18 and 19 water years of data for negative and positive 
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ENSO, respectively. In the Obs-LE, the conditional 95% CIs are 384.2 mm to 580.4 mm for 

positive ENSO and 292.0 mm to 475.5 mm for negative ENSO. These large uncertainties 

suggest that 100 years is not a sufficient sample to estimate the conditional quantiles with 

precision, and this uncertainty should be accounted for in water resources planning.

In addition to dry year precipitation values, the sequencing of dry years can dramatically 

impact the water resources picture for the state. In the observed record, there are 6 distinct 

sequences of at least three below average precipitation years in a row between 1920 and 2020. 

Many of these are associated with notable droughts including the 2011-2016 drought and 

the 1986-1992 drought. However, the number of such sequences over a 100 year span is not 

fixed but will itself vary. By counting the number of such sequences across different Obs-LE 

members, we can understand the variability in the number of extended dry sequences. The 

distribution of the number of extended dry stretches across the Obs-LE members, shown in 

Figure 3.9b, peaks at the observed value, and about 60% of the members had counts of 5, 6, 

or 7 dry stretches. About 95% of members had counts greater than equal to 3 or less than 

equal to 9. These results suggest that even without factoring in any changes to the climate 

it’s plausible that we could see significantly more multi-year dry spells in California than we 

observed over the 100 years between 1920 and 2020.

3.5 Discussion

In this work, we have expanded upon the Obs-LE precipitation method of McKinnon and 

Deser (2021) and employed it to estimate uncertainty in in extreme precipitation sample 

quantiles and explore the impacts of modes on the behavior of extreme monthly precipitation. 

We also used the Obs-LE to explore uncertainty in California precipitation with important 

implications for water resources planning.

The key takeaway of this work is that uncertainties in the quantiles of the observed 

precipitation are large even over 100 year time spans. This is especially true of quantiles 
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that lie deeper in the tails of the distribution, but, as demonstrated in the California results, 

even at larger spatial scales and less extreme quantiles there is significant uncertainty in our 

estimates. This uncertainty is exacerbated when we consider the quantiles conditional on 

climate modes.

One limitation of the current method is that we have assumed a relatively simple model 

for how precipitation depends on climate modes of variability. In reality, even in transformed 

space the precipitation might not depend linearly on the climate modes. We might also 

expect interactions between the modes and residual variability. Another possibility is that the 

tails of the distribution have a different dependence structure on the modes than the center 

of the distribution. As in McKinnon and Deser (2021), we did not include a forced response 

in this model because we found that it could not be consistently estimated across CESM2-LE 

members. This is not to say that there has been no forced response in precipitation over this 

time period, but that it cannot be consistently estimated over this time frame. While a more 

complex model may better capture the true precipitation response to the climate modes, it 

is unlikely that we could estimate such a complicated dependence structure well given our 

limited observational record.

While this work has considered uncertainty relative to new samplings of variability and 

the modes, we have not addressed other sources of uncertainty in the data. The coefficients 

and the precipitation transform are fixed before the resampling procedure is performed, so we 

do not propagate uncertainty from estimating these quantities through to our final confidence 

intervals. We also not consider uncertainty in our choice of observational dataset. Despite 

these limits in scope, we have still found substantial uncertainty in the tail quantiles of 

precipitation.

Another limitation of our work is that the method has been applied to relatively coarse 

data in the spatial domain. While understanding precipitation extremes at this coarseness is 

important for managing water supplies, for infrastructure planning and disaster resilience it 

would be preferable to have data at a higher spatial resolution. Nothing precludes this method 
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from being applied to higher resolution data spatially, however it’s possible that noisier high 

resolution data could cause more instability in the coefficient estimates for the climate modes, 

leading to more unstable synthetic ensembles. This instability could be investigated and 

possibly stabilized through a spatial model or a smoothing approach.

While we have only focused on uncertainty over the observed record, other research has 

highlighted potential changes in the precipitation distribution through the end of the century, 

including more interannual variability globally (Pendergrass et al., 2017) and increases in 

both “very wet” and “very dry years” in California (Persad et al., 2020). These results, in 

conjunction with our findings of high uncertainty over the current historical record, suggest 

that stakeholders need to plan for a broad range of water resources scenarios in the future.

In future work, we could incorporate estimated changes in interannual or monthly vari­

ability from climate models into our synthetic records. This would allow us to explore 

how climate change might impact future variability. Additionally, we could use an Obs-LE 

approach to generating synthetic precipitation records at the daily time scale. Applying the 

method to daily data is more challenging as it would require generating a realistic pattern of 

wet and dry days as well as realistic samples from very skewed distributions. However, daily 

data would enable interesting analyses of risks over shorter time frames.

A deeper understanding of the uncertainties in precipitation extremes will enable stake­

holders to better prepare for scenarios involving the tails of the distribution. Of particular 

note were the high upper tail uncertainties that we found for estimates of the 0.95 quantile in 

the Pacific Northwest and southeastern United States. These regions should account for this 

uncertainty in their planning for the future. Additionally, the potential for California to have 

faced a much drier climate with more extended dry stretches over the last century should be 

considered when discussing future water scenarios in the state. In each case, understanding 

the limitations of our current estimates is key to avoid overconfidence when planning for 

extreme events over the coming years.
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Chapter 4

Quantifying Interannual Variability in 

Colorado River Flows at Lees Ferry

The Colorado River provides an important supply of water for seven US states, but declining 

streamflows in the 21st century have led to challenging cuts in water supplies and difficult 

negotiations over how to divide the remaining water. Understanding the variability in 

streamflows is key to making more informed water management decisions regarding the river, 

but this is made more complex by the high interannual variability of the river flows. In the 

literature, naturalized streamflows at the Lees Ferry Gaging Station have been modeled as 

a linear function of temperature and precipitation in the Upper Colorado River Basin. In 

this work, we use Observational Large Ensembles of temperature and precipitation in the 

Upper Colorado River Basin to generate synthetic temperature and precipitation records. 

The spatial influence of the climate modes in the Observational Large Ensemble is analyzed. 

We find that the El Niño-Southern Oscillation produces substantial changes in the monthly 

temperature and precipitation distributions across the year, though other modes also make 

substantial differences to monthly distributions. These records are combined with a linear 

model to produce a synthetic ensemble of streamflow records. This synthetic ensemble is 

used to estimate variability in streamflows over time and produce quantile estimates for each 

60



year. We find that mean streamflows declined 11% between 1920 and 2018. These records are 

then combined with estimates of future warming to model the impacts under climate change. 

We find a 29.9% decline in mean streamflow by 2050 relative to 1921, along with 23.9%

declines in the estimated 0.975 quantile of streamflows and 50.1% declines in the estimated 

0.025 quantile for streamflows. These declines suggest significant future challenges for the 

management of the Colorado River.

4.1 Introduction

The Colorado River provides a critical supply of water for seven US states, numerous Native 

American tribes, and Mexico, but reduced water availability due to the ongoing 21st century 

drought has brought severe challenges for managing this resource (United States Bureau 

of Reclamation, 2026b). River water contributes to key municipal supplies of water for 

cities including Los Angeles, Phoenix, and Denver (Cohen, Michael J., 2011), and is key 

to ecosystem health, including fish populations (Richter et al., 2020). Additionally, it is 

estimated that 79% of basin water is used for agricultural purposes (Richter et al., 2020), 

supporting significant economic activity in the seven US states that share the Colorado 

River water. Currently, two key reservoirs on the river, Lake Powell and Lake Mead, are 

again near the historic lows that were recently set in 2022 and 2023 (United States Bureau 

of Reclamation, 2026b), and the Bureau of Reclamation has invoked the 2019 Colorado 

River Drought Contingency Plan for the third time since 2020 (United States Bureau of 

Reclamation, 2026a). Without significant actions the Glen Canyon Dam at Lake Powell and 

the Hoover Dam at Lake Mead could reach the minimum power pool level, when the dams 

could no longer produce hydropower, or the dead pool level, when water could no longer pass 

out of the dams (United States Bureau of Reclamation, 2026b). In this context, as plans are 

being negotiated to decide on river management for the future, it is crucial to understand 

interannual variability in Colorado River streamflows over the historical record and into the 
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future.

The Upper Colorado River Basin (UCRB) typically contributes about 92% of total natural 

flows, the estimates of what river flows would have been with water diversions removed, 

across the river basin (United States Bureau of Reclamation, 2026b), making it especially 

important to understand the variability of Colorado River flows coming from the upper basin. 

These flows are measured at the Lees Ferry Gaging Station which lies just below the upper 

basin and plays an important role in allocating water between upper and lower basin states 

under the Colorado River Compact of 1922 (United States Bureau of Reclamation, 2026b).

A number of works in the literature have investigated natural flows at Lees Ferry, studying 

sensitivity of the flows to temperature and precipitation in the UCRB (e.g. Vano et al., 

2012; Udall and Overpeck, 2017; Lehner et al., 2019; Hoerling et al., 2019, 2024). Over 

decadal time scales UCRB precipitation has higher correlations than temperature with Lees 

Ferry flows in the observational record (Hoerling et al., 2024), but many studies have shown 

that both variables play significant roles (Vano et al., 2012; Lehner et al., 2019; Hoerling 

et al., 2019). Physically, some portion of precipitation directly feeds into runoff, which 

drains into the river over the basin, so we’d expect a positive relationship between increased 

precipitation and flows. In contrast, increased temperatures are associated with higher levels 

of evapotranspiration, reducing the amount of runoff that makes it into the river (Vano et al., 

2012). These sensitivities have been estimated through hydrologic models applied to climate 

model output(Vano et al., 2012) and regression models of streamflows against temperature 

and precipitation (Lehner et al., 2019; Hoerling et al., 2024).

Many of these studies have assessed forced responses of temperature and precipitation 

in climate models over the next few decades or until the end of the century and used these 

estimates of the forced response to assess changes in streamflows based on sensitivity estimates 

(Vano et al., 2012; Lehner et al., 2019; Hoerling et al., 2019). Models consistently show that 

the forced response in temperature increases across the basin (Lehner et al., 2019; Hoerling 

et al., 2024), but precipitation changes are less certain with significant differences across 
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different models (Hoerling et al., 2019). However, the ensemble means of the Coupled Model 

Intercomparison Project phase 6 (CMIP6) multi-model ensemble and the Community Earth 

System Model version 2 (CESM2) initial condition large ensemble (Rodgers et al., 2021) do 

show precipitation increases across the first half of the 21st century (Hoerling et al., 2024). 

Due to the negative relationship between streamflows and temperatures, these forced changes 

are expected to result in decreased Colorado River flows over the next few decades, though 

it is possible that forced precipitation increases could balance out the forced temperature 

changes (Lehner et al., 2019; Hoerling et al., 2024).

In addition to understanding the forced response, understanding internal variability of 

Colorado River streamflows is critical to assessing potential impacts in the near future due 

to the large contribution of internal climate variability to precipitation over the UCRB 

(McKinnon and Deser, 2021) and precipitation’s key role in streamflows. Works that have 

considered internal variability have often done so through initial condition large ensembles 

of climate models (e.g. Lehner et al., 2019; Hoerling et al., 2019, 2024). However, while 

climate models have improved over time, there are still significant biases in precipitation in 

the latest generation of climate models over the UCRB (Pierce et al., 2022). This suggests 

the importance of considering observationally based estimates of internal variability in 

precipitation and temperature, such as those derived using the Observational Large Ensemble 

(Obs-LE) methods of McKinnon et al. (2017), McKinnon and Deser (2018), and McKinnon 

and Deser (2021).

The Obs-LE method uses statistical resampling techniques to generate spatiotemporal 

records of climate variables, and directly incorporates variability associated with important 

climate modes of variability, such as the El Niño-Southern Oscillation (ENSO) into the 

synthetic records. Properly accounting for the influence of the modes is crucial to generating 

realistic variability as prior work has indicated key roles for climate modes in influencing 

temperature and precipitation in the southwestern US, including drying associated with 

negative phase of the Pacific Decadal Oscillation (PDO) (Lehner et al., 2018; Seager et al., 
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2023) and cooling associated with ENSO (Deser et al., 2018). The evaluation of the influence 

of these modes in our model distinguishes our work from stochastic streamflow generation 

approaches such as Gold et al. (2024), which incorporates dry and wet states for rivers in the 

basin in a Hidden Markov Model but does not link those conditions to the climate modes.

In this work, we evaluate the variability and trends in Colorado River streamflows at Lees 

Ferry by combining regression models of Lees Ferry streamflows as a function of temperature 

and precipitation with spatiotemporal fields of temperature and precipitation over the UCRB 

generated using the Obs-LE methodology. This produces ensembles of synthetic streamflows 

that can be used to estimate variability in streamflows over time. Using projections of forced 

changes in temperature from climate models, we project how the mean and variability of 

the streamflows at Lees Ferry might change due to a warming climate. This methodology 

produces a novel estimate of streamflow variability based on the observational record with 

important implications for water policy on the Colorado River.

4.2 Methods

4.2.1 Data Sources

For observational precipitation we use the Pierce et al. (2021) dataset. This dataset contains 

daily precipitation observations at 1/16∘ by 1/16∘ latitude longitude resolution covering the 

conterminous United States (CONUS) over the years 1915 to 2018. The Livneh et al. (2013) 

dataset was used for daily temperature maxima. This dataset contains daily temperature 

maxima recorded at 1/16∘ by 1/16∘ latitude longitude resolution over CONUS. The dataset 

originally covered the years 1915 to 2013, but was extended to 2018 by Lu Su. These 

datasets were downloaded from David W. Pierce’s website (https://cirrus.ucsd.edu/

~pierce/nonsplit_precip/ accessed on 11/10/2025). From these datasets, monthly mean 

temperature maxima and monthly precipitation totals were calculated for all gridboxes falling 

within the Upper Colorado River Basin. These gridbox time series were processed into 
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basin-wide time series by taking area-weighted means of precipitation totals, 𝑃𝑖, and mean 

daily maximum temperatures, 𝑇𝑖. Then, water year values were calculated by summing 

precipitation and averaging temperature over the water year, which spans the months from 

October to the following year’s September.

In order to estimate the forced response in monthly mean daily temperature maxima, we 

used the Community Earth System Model version 2 large ensemble (CESM2-LE) climate 

model at nominal 1 degree by 1 degree latitude longitude resolution (Rodgers et al., 2021). 

For the large ensemble, we use the 50 members of the large ensemble with smoothed biomass 

burning forcing to avoid any increases in variability of the estimated forced response over the 

years 1997 to 2014 (Heyblom et al., 2022).

To calculate the climate modes over the time period 1920 to 2018 we use monthly time 

series of the modes as calculated by the Climate Variability Diagnostics Package (CVDP) 

version 6 (Maher et al., 2025). For observational data, the monthly Niño-3.4 and PDO indices 

are calculated using ERSSTv5 (Huang et al., 2017) sea surface temperature data from the 

period 1920-2018, while the Pacific North America pattern (PNA) PNA and North Atlantic 

Oscillation (NAO) indices are calculated using sea level pressure data from a combination of 

the ERA-20C reanalysis (Poli et al., 2016) for the years 1920-1939 and the ERA5 reanalysis 

(Hersbach et al., 2020) for the years 1940-2018.

Natural flow estimates of the Colorado River at Lees Ferry were obtained from Ta­

ble 8 of the 76th Annual Report by the Upper Colorado River Commission (http://www.

ucrcommission.com/wp-content/uploads/2025/07/UCRC-WY2024-Annual-Report.pdf, ac­

cessed on 03/25/2026).

4.2.2 Flow Model

First, we model the conditional mean of Colorado River naturalized streamflows at Lees Ferry 

as a function of UCRB precipitation and temperature. The natural flows have a more direct 

relationship with the temperature and precipitation, but in reality the actual stream flows 
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are smaller due to upstream water diversions.

As in Lehner et al. (2019) and Hoerling et al. (2024) we use linear regression to model 

water year totals of naturalized flows of the Colorado River at Lees Ferry as a function of 

basin temperature and precipitation over the water year. Since the high resolution Livneh 

dataset only contains daily maximum temperatures rather than daily mean temperatures, 

we use the monthly mean of daily maximum temperatures in our models instead. This in 

contrast to Lehner et al. (2019) and Hoerling et al. (2024) where average temperatures were 

used, but our fitted model produces similar results (4.3.1). Let 𝑄𝑖 be the natural flow at Lees 

Ferry for water year 𝑖, 𝑇 ∗
𝑖, Basin be the mean water year temperature anomalies, and 𝑃 ∗

𝑖, Basin

be basin water year precipitation total anomalies. Then, we fit the following regression model

𝑄𝑖 = 𝛼 + 𝛽𝑃𝑃 ∗
𝑖, Basin + 𝛽𝑇𝑇 ∗

𝑖, Basin + 𝜀𝑖, (4.1)

for some 𝛼, 𝛽𝑃, 𝛽𝑇 ∈ ℝ, where 𝑖 indexes the water year, and 𝜀𝑖 is assumed to be i.i.d. with 

mean 0 and constant variance for the purposes of fitting the model. Following standard 

practice in the literature (e.g. Lehner et al., 2019; Hoerling et al., 2024), the anomalies 

for temperature are calculated by subtracting the mean, 𝑇 ∗
𝑖,Basin = 𝑇𝑖,Basin − ̄𝑇Basin, while 

the anomalies for precipitation are further normalized by dividing by the mean value, 

𝑃 ∗
𝑖,Basin = (𝑃𝑖,Basin − ̄𝑃Basin)/ ̄𝑃Basin. As in Lehner et al. (2019), we tested the inclusion of an 

interaction term between temperature and precipitation in the model but found it to have a 

negligible impact, so the interaction term was dropped from the model.

4.2.3 Observational Large Ensembles

In order to generate synthetic flow records, we first apply the Observational Large Ensemble 

methodology to monthly precipitation totals and mean daily maximum temperature in the 

UCRB. Using the high resolution Livneh and Pierce datasets as the basis for the synthetic 

ensembles enables the synthetic precipitation to capture the significant impacts of orography 
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Figure 4.1: a) UCRB elevation from the PRISM 4 km dataset (Daly et al., 1997, , accessed on 
05/08/2026 from https://prism.oregonstate.edu/data/supporting.php) and b) Mean 
annual precipitation in the UCRB from the Livneh dataset.

on precipitation in the basin (Figure 4.1).

For precipitation, we follow the methodology outlined in Chapter 3. However, the monthly 

means of daily temperature maxima are significantly less skewed than those of precipitation, 

making a Box-Cox transformation unnecessary for the temperature records. Also, in contrast 

to precipitation, where a forced response is difficult to estimate from a single record (McKinnon 

and Deser, 2021), the forced response in mean monthly daily max temperatures has a much 

higher signal-to-noise ratio (Hoerling et al., 2019). Therefore, we estimate a forced response 

for daily max temperatures by fitting linear regressions for the time series of monthly mean 

daily max temperature at each gridbox, 𝑇𝑙,𝑡 where 𝑡 indexes time and 𝑙 indexes location, 
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against a time series of the log of global atmospheric CO2 concentrations. The log(CO2)

concentrations measure accumulating greenhouse emissions over time, allowing us to estimate 

the forced response. As before, since the forced response could be different for each month 

and location, we fit a separate regression model for the forced response for each location and 

month pair

𝑇𝑙,𝑡 = 𝛾𝑚 + 𝛽𝐹,𝑚 log(CO2)𝑡 + 𝜈𝑡, (4.2)

where 𝑚 indexes the month associated with 𝑡, 𝛾𝑚 ∈ ℝ is an intercept term, and 𝜈𝑡 is i.i.d. 

mean zero noise with constant variance. We constrain 𝛽𝐹,𝑚 to be positive, to avoid unrealistic 

negative trends in temperature due to sampling variability over the observational record. 

Subtracting the estimated forced response, 𝑇 Forced
𝑙,𝑡 = ̂𝛾𝑚 + ̂𝛽𝐹,𝑚 log(CO2)𝑡, from 𝑇𝑙,𝑡 gives 

an approximately stationary residual series, ̃𝑇𝑙,𝑡. We apply the observational large ensemble 

to this residual time series, then add back in the estimated trend, 𝑇 Forced
𝑙,𝑡  to the synthetic 

time series to get a realistic temperature record.

This gives the following regression model for the temperature residual time series

̃𝑇𝑙,𝑡 = 𝛽0,𝑙,𝑚 + 𝛽ENSO,𝑙,𝑚ENSO𝑡 + 𝛽PDO,𝑙,𝑚PDO𝑡 + 𝛽PNA,𝑙,𝑚PNA𝑡

+ 𝛽NAO,𝑙,𝑚NAO𝑡 + 𝜀𝑙,𝑡,
(4.3)

the subscript 𝑙 indexes the location, the subscript 𝑡 indexes the months through time, and 𝑚

is the month corresponding to time 𝑡. The error term 𝜀𝑙,𝑡 is assumed to be mean zero with 

constant variance. Following the prior methodology this gives us the corresponding synthetic 

model

𝑇 Synth
𝑙,𝑡 = ̂𝛽0,𝑙,𝑚 + 𝑇 Forced

𝑙,𝑡 + ̂𝛽ENSO,𝑙,𝑚ENSOSynth
𝑡 + ̂𝛽PDO,𝑙,𝑚PDOSynth

𝑡

+ ̂𝛽PNA,𝑙,𝑚PNASynth
𝑡 + ̂𝛽NAO,𝑙,𝑚NAOSynth

𝑡 + 𝜀Synth
𝑙,𝑡 ,

(4.4)

The surrogate modes are generated using the same method as in Chapter 3. Applying the 

method of Wilks (1997) to calculate a block size for each month and location and taking the 
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0.97 quantile across all locations and months, we find that a four year block size is sufficient to 

capture the autocorrelation structure for precipitation and a three year block size is sufficient 

for temperature.

Figure 4.2: a) Gridbox correlations between monthly mean daily maximum temperature and 
monthly precipitation totals for each month in observations b) The same as a) but for a 
randomly selected Obs-LE member.

In order for the synthetic records to adequately represent the joint variability of tem­

perature and precipitation, the synthetic ensemble members should match the significant 

correlations between 𝑇𝑙,𝑡 and 𝑃𝑙,𝑡 in the observational record (Figure 4.2a). To capture this 

joint spatiotemporal structure between temperature and precipitation we use the same surro­
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gate modes and the same time blocks of residuals for each corresponding synthetic ensemble 

member of precipitation and temperature. Therefore, we choose the longer block size of four 

years for both temperature and precipitation and ensure that the same time blocks are chosen 

for each variable in the bootstrap samples. While there is some variability between members, 

following this process does typically produce reasonable correlations between precipitation 

and temperature (Figure 4.2b). Repeating this process 1,000 times gives us a synthetic 

ensemble of spatiotemporal temperature and precipitation records that we can use to generate 

synthetic natural flows at Lees Ferry.

From the large ensemble, we generate composites to analyze the spatial patterns of the 

impacts of different modes over the UCRB. To create these composites for a particular climate 

mode, we take all months with corresponding surrogate mode values greater than 1, and take 

the average of the climate variable over those months to find the positive phase average. We 

follow the same process for surrogate mode values less than −1 to find the negative phase 

average. The composite is found by subtracting the negative phase average from the positive 

phase average. We also generate trend maps by taking the fitted forced response, 𝑇 Forced
𝑙,𝑡 , 

from 2018 and subtracting the value in 1920 from it.

4.2.4 Synthetic Flows

Following the same averaging procedure used for the original observations, we process the 

synthetic monthly precipitation and temperature records into basin-wide monthly means for 

temperature and totals for precipitation. Then, we convert these monthly time series into 

water year mean time series of daily max temperatures and total time series of precipitation, 

and calculate anomalies, 𝑇 ∗,Synth
𝑖,Basin  and 𝑃 ∗,Synth

𝑖,Basin , using the mean values from the observations. 

Plugging these synthetic time series of anomalies into the fitted model of Eqn. (4.1) produces 

time series of predicted natural flows at Lees Ferry for each ensemble member:

𝑄̂Synth
𝑖 = ̂𝛼 + ̂𝛽𝑃𝑃 ∗,Synth

𝑖,Basin + ̂𝛽𝑇𝑇 ∗,Synth
𝑖,Basin (4.5)
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These predicted flows give estimated conditional mean values for given temperature and 

precipitation anomalies, but in order to fully represent the year-to-year variability of the 

flows we also need to sample the variability that does not project onto temperature and 

precipitation.

We can sample this variability by bootstrapping the leverage-weighted residuals of the 

flow model and adding bootstrapped samples of these residuals to the predicted flow values. 

We use the leverage-weighted residuals since the original residuals tend to underestimate 

variability in the errors (Davison and Hinkley, 1997), but most of the weighted residuals 

are very similar with an average inflation of 1.6% in magnitude and a maximum inflation of 

7.5% in magnitude. Applying the block selection procedure of Wilks (1997) to the residuals, 

the estimated block size is just one year, indicating that there is limited autocorrelation in 

the residuals. Therefore, we sample each residual independently. However, since there some 

evidence of heteroscedasticity (Figure 4.4b), we perform a localized bootstrap rather than 

bootstrapping the full sample of residuals.

To produce the local bootstrap, we first truncate the predicted values 𝑄̂Synth
𝑖  to the range 

of the fitted values from the original model. Then for each truncated value, 𝑄̃Synth
𝑖 , we 

construct an interval (𝑄̃Synth
𝑖 − 4, 𝑄̃Synth

𝑖 + 4) (an example window is shown in Figure 4.4b). 

Residuals from the original model whose associated fitted value falls within this interval are 

candidates to be selected, and from these residuals we sample one at random with uniform 

probabilities. Combining the time series of these residuals, 𝑒Synth
𝑖  with the time series of 

predicted mean values, we get the time series of synthetic flows 𝑄Synth
𝑖 ,

𝑄Synth
𝑖 = 𝑄̂Synth

𝑖 + 𝑒Synth
𝑖 . (4.6)

Repeating this process 1,000 times, we generate an ensemble of synthetic flows.

From the synthetic flow ensemble, we can generate estimates for distributional quantiles 

for each water year. Through the Obs-LE, these estimated quantiles integrate the influence of 
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interannual variability in the temperature and precipitation over the UCRB on streamflows, 

and through sampling the residuals the quantiles integrate unpredictable variability that is 

not captured by the regression model. We estimate the quantiles for each water year with the 

0.025 and 0.975 sample quantiles of the set of 1,000 synthetic flow values. These quantiles 

give an estimate of the variability of the distribution for each water year, allowing us to 

understand how the range of plausible flows changes over time.

These estimates do not account for uncertainty in the fitted coefficients, ̂𝛽𝑃 and ̂𝛽𝑇, but this 

additional source of uncertainty can be accounted for by adding an additional bootstrapping 

step when fitting model (4.1) and generating synthetic flows that account also account for 

model uncertainty (see Algorithm 6.4 of Davison and Hinkley (1997)). These bootstrap 

distributions can can be used to find prediction intervals for particular synthetic trajectories 

as well as confidence intervals incorporating coefficient uncertainty for the ensemble mean 

and quantile estimates. The bootstrap 90% confidence intervals generated in this way show a 

mean spread across the water years of 0.66 maf for the mean, 1.9 maf for the 0.975 quantile, 

and 1.1 maf for the 0.025 quantile (Figures C.1, C.3, C.2). The bootstrap prediction interval 

generated for a single set of synthetic precipitation and temperature values shows much less 

spread than the gap between the estimated quantiles (Figure C.4).

4.2.5 Future Projections

Trends in the flows of the Colorado River over the last century and the negative correlation 

between temperatures and flows suggest the possibility that the flows of the river could 

decline more substantially under a changing climate, but the large contribution of internal 

variability to flows could still lead to large interannual variability in streamflows. Given the 

potential biases of earth system models over this region, we combine observationally derived 

estimates of variability with future warming trends derived from climate models in order to 

explore future variability.

In order to use these observationally derived estimates of variability over this future period, 
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we assume that the variability in temperature, precipitation, and natural flows holds constant 

over the period 1920 to 2050. And, given model disagreements over precipitation trends in the 

UCRB (Lehner et al., 2019), we also assume that there is no forced response in precipitation 

over this time period. In contrast to precipitation, models show consistent warming of 

temperatures in the UCRB. Therefore, we estimate a forced response in temperatures over 

2018 to 2050 using the ensemble mean of the CESM2-LE. The ensemble mean is calculated 

by subsetting to gridboxes with centers that fall within the borders of the UCRB, taking 

an area-weighted average of those gridboxes for each time point, and then averaging across 

the 50 ensemble members. While the CESM2-LE ensemble mean shows significant biases 

relative to the Livneh dataset (Figure 4.3), we assume that the amount of warming in the 

ensemble mean over the time period 2018 to 2050 is a reasonable proxy for the amount of 

warming we would expect to see in the observations. We find this warming by subtracting the 

ensemble mean value in 2019 from the ensemble mean for each year from 2019 to 2050 and 

taking a centered, 5 year rolling average of the warming to reduce the interannual variability 

of the estimate. Finally, for each year of the period 2019 to 2050 the estimate of warming 

is added to the ensemble mean of the Obs-LE in 2018 to generate a new estimate of the 

mean under the warming trend (Figure 4.3). To generate the new temperature Obs-LE under 

warming, a 32 year temperature ensemble is generated with the new mean values under 

warming substituted for the original estimate of the forced trend. A 32 year ensemble of 

precipitation is generated using the same process as before, and these ensembles are used to 

construct synthetic flow ensembles and quantile estimates over the period 2019-2050.
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Figure 4.3: Trends in the monthly mean of daily maximum temperatures averaged over 
the UCRB for the observations and the CESM2-LE ensemble mean. The dashed line gives 
the mean of the observed temperatures over the time period 1920 to 1970. The estimated 
trend is the area-weighted and water year averaged mean of the gridbox estimates from 
Model (4.2). The future trend gives the mean value of the 1,000 ensemble members with the 
trend extrapolated from the warming in the CESM2-LE ensemble mean.

4.3 Results

4.3.1 Flow Model

The fitted regression model gives the equation

𝑄̂𝑖 = 14.3 − 1.7𝑇 ∗
𝑖 + 14.3𝑃 ∗

𝑖 , (4.7)

where 𝑄 is in units of million acre-feet (maf), 𝑇 ∗
𝑖  is anomalies in units of degree Celsius, 

and 𝑃 ∗
𝑖  is unitless since it is normalized by its mean. The correlation between 𝑄𝑖 and 𝑃 ∗

𝑖  is 
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0.81, while the correlation between 𝑄𝑖 and 𝑇 ∗
𝑖  is −0.69. This correlation indicates a much 

higher influence of temperature on Lees Ferry streamflows at the annual scale than the −0.26

correlation found in Hoerling et al. (2024) for decadal averages. The values of 𝑃 ∗
𝑖  range from 

−0.40 to 0.44 and 𝑃 ∗
𝑖  has a standard deviation of 0.19. The values of 𝑇 ∗

𝑖  range from −2.2

to 2.8∘ 𝐶 with a standard deviation of 0.86∘ 𝐶. Setting 𝑃 ∗
𝑖  to it’s minimum and maximum 

observed values while holding 𝑇 ∗
𝑖  constant at the mean would give predicted flows of 8.6 and 

20.6 maf, respectively. Doing the same for 𝑇 ∗
𝑖  gives values of 9.6 and 18.0 maf. However, since 

𝑇 ∗
𝑖  and 𝑃 ∗

𝑖  themselves have a correlation of −0.59 and have coefficients of opposite signs in 

the model the interannual variability of the predicted flows tends to be large. The 𝑅2 of the 

model is 0.72, and the predictions show good agreement with the observed values. However, 

the residuals show some evidence of heteroscedasticity with larger residual variability for 

higher fitted values (Figure 4.4b).

Converting the model values to percentage scale, we find that a 1∘ C increase in daily 

maximum temperatures, while holding 𝑃 ∗
𝑖  at 0, is associated with an 11.8% decline in natural 

flows. For a 1% increase in precipitation, while holding 𝑇 ∗
𝑖  at 0, the model predicts a 1%

increase in natural flows. These values are similar to the −11.1%/∘C and 1.2%/% values for 

the basin over 1950 to 2008 reported in Lehner et al. (2019).
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Figure 4.4: a) Fitted values vs. actual values for Model (4.1) fitted to the observational 
data. b) Leverage-weighted residuals vs. fitted values for Model (4.1). The red point shows a 
hypothetical fitted value of 11.0 and the colored band surrounding it shows the corresponding 
window for the localized bootstrapping procedure.
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4.3.2 Forced Response and the Influence of Climate Modes

The forced response (Figure 4.5) shows very distinct month-to-month variation with March 

showing very strong warming of over 2∘C nearly uniformly across the basin, while October 

shows little warming outside of a few tiny pockets. December, May, September, and November 

all show more limited geographic spread of warming patterns, while June, July, August, 

January, February show more warming. Without the positivity constraint October, December, 

and May would primarily show a cooling trend over the basin with more mixed results in 

other months. The pattern of warming shows geographic coherence across months with 

similar spatial patterns of warming. Some areas with higher elevations (see Figure 4.1a)) 

appear to show less of a warming trend than lower lying areas, though the pattern is not 

apparent everywhere.

Monthly ENSO composites show that for most months there are predominantly wetter 

conditions across the basin (Figure 4.6a), though the December-January-February (DJF) 

season shows some drying in the north, with larger negative values concentrated in regions 

with higher elevation. The temperature composites for ENSO show mostly cooler conditions 

outside of February and May with the strongest cooling concentrated in the south of the 

basin and in October, November, March and April (Figure 4.6b).

Monthly PDO composites show weaker wetting signals than ENSO with July, August, 

October, and November months showing a combination of weak wetting and weak drying, 

though February shows strong wetting at higher elevations. In daily maximum temperature, 

the PDO composites show strong seasonal differences with DJF and March-April-May 

(MAM) seasons show very strong warming signals with large regions of over 1.5∘C warmer 

temperatures in the positive phase of PDO. June-July-August (JJA) show mostly cooler 

temperatures during the positive phase of PDO. September-October-November (SON) show 

milder differences with a mixture of warming and cooling.

Monthly PNA precipitation composites (Figure 4.8) show strong drying signals in De­

cember and January, wetting signals in June and September with moderate signals in the 
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Figure 4.5: Trends in the estimated forced response in mean monthly daily maximum 
temperature from 2018 to 1920. The forced response is estimated as a linear regression of 
mean monthly daily maximum temperature against log(CO2) with the constraint that the 
coefficients must be positive.

remaining months. PNA mean daily max temperature composites show strong warming in 

DJF and cooling in JJA. NAO composites show weak precipitation signals, but show very 

strong warming in MAM and June and July.

These composites show the spatial effects of the modes on the precipitation and temper­

ature fields for each month, but the modeled synthetic flows depend on basin-wide spatial 

averages and water year temporal averages of these fields. Figure 4.10a shows that the 

generally positive precipitation impacts of ENSO combined with the significant cooling effect 

over most months leads to higher mean modeled flows during positive ENSO phase years, 

though the mean difference of 2.8 maf between the positive phase and negative phase is 
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smaller than the standard deviations of 4.5 and 4.0 maf associated with the positive and 

negative phases. ENSO leads to the largest gap in mean values between the positive and 

negative phases of the modes, though the PNA, which is 2.4 maf wetter on average during 

the negative phase compared to the positive phase, is a close second. Each of the modes 

results in a gap of at least 1.2 maf between the positive and negative phases with the PDO 

resulting in the smallest gap between the two phases. Flipping the signs of the composites 

in Figure 4.8 to match the negative phase of the PNA shows that the strong wetting and 

cooling signals during DJF during the negative phase outweighs the compensating effects in 

other months to produce the wetter negative phase PNA conditions.

4.3.3 Mean Flows and Quantile Estimates

The quantile estimates of flows show a declining trend over the observational time period, 

1921 to 2018, that accelerates as warming intensifies (Figure 4.11). The mean flow of the 

ensemble of synthetic flows drops from 14.8 maf in water year 1921 to 13.2 maf by 2018, an 

11% decline. The 0.975 quantile estimate declines from approximately 23.8 maf to 21.8 maf 

by 2018 and the 0.025 quantile estimate declines from 6.9 maf to 5.4 maf. While there is 

significant interannual variability in the quantile estimates, five year windowed averages of 

the estimates show a small but steady decline over the observational time period associated 

with the warming trend.

Projecting flows from 2019 to 2050 with the estimated warming trend we find much more 

substantial declines due to warming with the mean synthetic flow dropping from 12.98 maf 

in 2019 to 10.4 maf in 2050, a decline of 19.9%. The 0.975 quantile also declines further, 

dropping to 18.1 maf a 16.6% decline relative to 2019, while the 0.025 quantile declines to 

just over 3.4 maf. Comparing the values in water year 2050 to the values in 1921, we find a 

29.9% decline in the mean synthetic flows, along with a 23.9% decline in the 0.975 quantile 

and a 50.1% decline in the 0.025 quantile.
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Figure 4.6: a) Monthly ENSO composites of precipitation in the Obs-LE. b) Monthly ENSO 
composites for temperature in the Obs-LE. For each month, all Obs-LE months where the 
corresponding surrogate ENSO mode was greater than 1 were selected and averages were 
taken of these to get the positive phase ENSO average. The same was done with months 
with surrogate ENSO modes that were less than 1 to produce negative phase ENSO averages. 
The composite is formed by subtracting the negative phase average from the positive phase 
average.

4.3.4 Three-year Totals

In addition to the annual variability of flows, multi-year accumulations of streamflows play a 

key role in managing water resources on the Colorado River. Stretches of multiple consecutive 

below-average years can result in dropping levels at the Lake Powell and Lake Mead reservoirs, 
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Figure 4.7: a) Monthly PDO composites of precipitation in the Obs-LE. b) Monthly PDO 
composites for temperature in the Obs-LE. For each month, all Obs-LE months where the 
corresponding surrogate PDO mode was greater than 1 were selected and averages were 
taken of these to get the positive phase PDO average. The same was done with months 
with surrogate PDO modes that were less than 1 to produce negative phase PDO averages. 
The composite is formed by subtracting the negative phase average from the positive phase 
average.

requiring more drastic cuts to water deliveries. The recent stretch of flows between water 

years 2020 and 2022 was the lowest on record with a three-year total of just 24.9 maf, though 

the three-year stretch ending in 2004 was a close second at 25.1 maf. These flows were well 

below the 42.68 maf average three-year sum between 1920 and 2018.
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Figure 4.8: a) Monthly PNA composites of precipitation in the Obs-LE. b) Monthly PNA 
composites for temperature in the Obs-LE. For each month, all Obs-LE months where the 
corresponding surrogate PNA mode was greater than 1 were selected and averages were 
taken of these to get the positive phase PNA average. The same was done with months 
with surrogate PNA modes that were less than 1 to produce negative phase PNA averages. 
The composite is formed by subtracting the negative phase average from the positive phase 
average.

To investigate how anomalous this three-year total was we compare its value to the 

distribution of three-year totals simulated in the synthetic streamflows (Figure 4.12). For 

three-year synthetic totals ending in 2022, we find that only 2.3% of simulated totals are 

smaller than this value, and the 0.1 quantile of the synthetic three-year totals ending in 2022 
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Figure 4.9: a) Monthly NAO composites of precipitation in the Obs-LE. b) Monthly NAO 
composites for temperature in the Obs-LE. For each month, all Obs-LE months where the 
corresponding surrogate NAO mode was greater than 1 were selected and averages were 
taken of these to get the positive phase NAO average. The same was done with months 
with surrogate NAO modes that were less than 1 to produce negative phase NAO averages. 
The composite is formed by subtracting the negative phase average from the positive phase 
average.

is 29.7 maf. However, under future warming we expect that smaller three-year totals become 

more common-place with a significant shift in the distribution by 2050 (Figure 4.12). In 2050, 

16.9% of simulated three-year totals are smaller than the observed 2022 value, and the 0.1

quantile value is 22.9 maf. While large multi-year accumulations are still possible in 2050, 
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Figure 4.10: a) Histograms of synthetic flows for water years with ENSO in positive phase vs. 
negative phase. Where positive phase is defined via the water-year average ENSO index being 
above 1 and negative phase is defined via the average being below −1. b) Mean synthetic 
flows for the positive and negative phases for each mode. The dashed line shows the overall 
mean synthetic flow.

they become much rarer in the simulated distribution, putting further stress on the ability of 

the reservoirs to recover after dry stretches.

4.4 Discussion and Conclusion

The primary goals of this work were to quantify internal variability in the natural flows 

of the Colorado River at Lees Ferry through annual quantile estimates and to investigate 

how warming over the basin could be responsible for declining flows over the observational 

record and into the future. Based on our model, we find that warming over the time period 

1921-2018 may have resulted in significant declines in mean flows of 11%. This is comparable 

to the linear trend fit in Hoerling et al. (2019), where a 20% decline was estimated over the 

longer observational 1896-2018 but the fit included the wetter period at the beginning of the 

20th century.

Projecting out to 2050 we find much more substantial declines in river flows with an 

additional decline of 16.6% in mean natural flow in 2050 compared to the estimated mean 
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Figure 4.11: The observed natural flows at Lees Ferry from 1920 to 2018 are plotted along 
with a member of the synthetic flow ensemble, the mean of the synthetic flow ensemble and 
estimates of the 0.975 and 0.025 quantiles derived from synthetic flows.

in 2019. Comparing the average synthetic flows over 2000 to 2025 to the flows over 2026 

to 2050, we find a 14.5% decline in flows, comparable to results from climate models under 

middle temperature sensitivity conditions with the precipitation sensitivity set to 0 (Figure 

6b of Hoerling et al. (2024)).

There are a number of limitations of the current work. First, we did not consider 

uncertainty in the estimation of the coefficients for the Obs-LE. This uncertainty and 

its effects on the results could be estimated by bootstrapping the observational record of 

precipitation and temperature and pushing those values through the rest of the analysis. 

However, performing this uncertainty analysis would be computationally intensive. Another 

alternative would be to fit a spatial model for the coefficients and use that to estimate 

coefficient uncertainty.

Another limitation is that we have not considered a potential forced response in precipi­

tation. The signal-to-noise ratio of the forced response in precipitation is often low at the 
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Figure 4.12: Histograms of three-year totals of synthetic flow compare the distribution of 
totals ending in 2022 with the distribution in 2050. The black dashed line shows the observed 
three-year total ending in 2022, while the colored dashed lines show the 0.1 sample quantiles 
of the respective distributions.

gridbox level even at coarser resolution than considered here (McKinnon and Deser, 2021), 

making it difficult to accurately fit the response over the span of our current observational 

records. In contrast to temperature, climate model initial condition large ensembles and 

multi-model ensembles show limited forced response in the ensemble mean of precipitation 

over the 20th century in the basin, but future projections in these ensembles show increases 

in precipitation between 2000 and 2050 (Fig. 3 of Hoerling et al. (2024)). However, biases 

remain in model representations of precipitation over the basin (Pierce et al., 2022).

As another caveat, when we generate the synthetic modes we assume that the observations 

are sampled from a stationary process, which implicitly assumes that there is no forced signal 

in the climate modes. Some research with climate model ensembles has suggested that under 
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strong warming scenarios there are forced changes in ENSO (Maher et al., 2018), so this 

assumption may not be reasonable, especially for the period from 2019 to 2050. In addition, 

Kuo et al. (2025) found that radiative forcing from anthropogenic aerosols was interacting 

with shifts in SSTs to reduce precipitation over the southwestern US during positive phase 

ENSO. This finding runs contrary to our assumptions that there is no forced response in 

precipitation and that the impacts of the modes are constant through time.

In future work, the impact of potential shifts in the precipitation mean and variability 

on projected flows could be explored further. We could take a range of estimates of the 

forced response in precipitation from climate models, and explore how those estimated forced 

responses could alter the results found here. This may be especially important for projecting 

a range of scenarios out into the future.

Another consideration for future work would be to increase the complexity of Model (4.1). 

Different parts of the basin could have different run-off efficiencies and different evapotran­

spiration responses. By accounting for these regional differences we might be able to find a 

better and more interpretable model for streamflows, and this model could be used to better 

understand how spatial variability in the basin affects streamflows.

Given the fraught negotiations between upper and lower Colorado River basin states over 

allocations of water, these estimated declines in mean streamflows could pose significant 

further challenges to the ecosystems, cities, and farmers that rely on the Colorado River. 

Despite the significant declines in the mean and the quantiles, there is still a large amount of 

spread in the distribution of streamflows in 2050. This reflects the large interannual variability 

in UCRB precipitation and the strong contribution of precipitation to streamflows. However, 

under a warmer climate we project that extremely dry years, below the 5.5 maf minimum of 

the observational record, become much more likely. Both the concerning declines projected 

here and in other studies and the substantial interannual variability we’ve estimated should 

be accounted for in future plans for Colorado River water usage to avoid more devastating 

cuts without sufficient preparation.
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Chapter 5

Discussion

The methods presented in this thesis approach climate variability and the spatiotemporal 

structure of climate data from different angles, but each involves a careful consideration of how 

that structure can be accounted for or leveraged to improve the statistical methods. Effectively 

doing so requires an interdisciplinary approach that combines statistical expertise with domain 

knowledge of climate science. In Chapter 2, the knowledge that the regression coefficients 

in the hypothesis testing problem often vary smoothly in space for climate problems made 

a smoothing approach a natural one. Understanding that the spatial covariance of climate 

data is not stationary across space, led to a local approach, allowing the method to adapt 

to different covariance structures in different regions. This prevented excessively smoothing 

regions where climate variables operate on smaller spatial scales, preserving important features 

of the data in the final hypothesis tests. In Chapters 3 and 4, understanding that the climate 

modes are important drivers of variability in temperature and precipitation made it key that 

the methods incorporated variability in the sequence and combinations of climate modes 

in order to properly simulate the internal variability of the climate system. Failing to do 

so would have risked creating synthetic records that did not properly represent the full of 

variability of the climate on the timescales of each modes. In each case, knowledge from 

climate science informed the methods, enabling them to better adapt to the problem at hand.
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Another commonality between the chapters is that the existing sample of climate data is 

small compared to the amount of variability in the data, leading to challenges in inference 

and uncertainty quantification. In Chapter 2, this tension was resolved by sharing spatial 

information across locations, reducing variability without increasing the sample size. In 

Chapters 3 and 4, synthetic samples of data were generated using resampling methods to 

enable alternative samples of the climate. In each case, a larger sample of data would resolve 

many of the challenges, improving the quality of regression inferences or the generation of 

synthetic data. With a large enough sample these methods might be unnecessary, though, 

unfortunately, collecting additional observational climate data will require a bit of a wait.

However, there are a few alternatives to observational data that are used in climate. 

One alternative is paleoclimate reconstruction, which uses the relationship between proxy 

variables, such as tree ring widths or the ratios of chemical isotopes found in shells, and 

variables of interest to reconstruct past climate records. Unfortunately, these reconstructions 

have their own biases and the proxies are often sparse in space and time. Another possibility 

is the use of climate models. While the current biases of climate models make them an 

insufficient stand-in for observational data, it’s possible that as models continue to develop 

there will be a point in the future where model output will be an appropriate substitute for 

observational data. In another direction, as neural net architectures continue to improve, it’s 

also possible that they will lead to a breakthrough in production of synthetic climate data. 

In the meantime, we will have to find creative ways to take advantage of the observational 

records that we have.

Resampling methods, which form the basis for the methods of Chapter 3 and 4, are a core 

methodology in modern statistics, used in procedures from bootstrap confidence intervals, to 

permutation tests, to Monte Carlo simulations. In these chapters, the resampling approach 

enabled the retention of complex spatiotemporal structure in the synthetic ensembles. While 

another model-based spatiotemporal method, such as Gaussian processes, could have been 

employed, it is difficult to estimate the complex structure of climate data with a model. And 
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these models could have led to bias or unrealistic variability in the synthetic output. By 

employing resampling, we are able to side-step the challenges of producing a model for the 

residual variability, and instead retain the structures that were in our original sample of data. 

In Chapter 4, multiple layers of resampling were performed: one in the observational large 

ensemble and one to generate the synthetic flows. This highlights the flexibility of these 

methods in practice, and their ability to leverage the limited sample of data that we have.

In future work, the Observational Large Ensemble methods of Chapter 3 could be extended 

to work with daily precipitation data, but applying these methods to daily data would require 

resolving some challenges. First, daily data contains correlated fields of zero and nonzero 

precipitation that have varying spatial structures. Modeling this pattern of zeros or attempting 

to resample it would likely lead to interesting complications. Second, daily data has a much 

more highly skewed structure than monthly data, making the transformed regression approach 

more risky. The nonzero precipitation could instead be modeled using a Gamma regression 

or another generalized linear model, but resampling residuals is not as straightforward in 

this setting. If these challenges can be resolved, producing synthetic spatiotemporal fields of 

precipitation at the daily scale would be highly useful for climate scientists and stakeholders. 

For Chapter 3 and Chapter 4, future work could include estimating changes in temperature 

and precipitation variability in climate models and incorporating those variability changes 

into the synthetic ensembles. This would provide important additional insights into how 

extremes and Colorado River variability could change with the changing climate.

A major theme of this work is that the internal variability of the climate could have 

led to vastly different observational records at scales both large and small. This knowledge 

should give us caution when interpreting the results of inferences based on a single record, 

even when we try to account for that variability in our methodology. In order to sufficiently 

prepare for precipitation extremes or the possibility of ongoing drought in the Colorado River 

Basin we need to meaningfully engage with uncertainty in our estimates and the variability of 

these processes. We should also acknowledge the limitations of our analyses and consider the 
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possibility of events that have not previously been observed or appear unlikely in our models. 

As the climate continues to change the ability of the observational record to meaningfully 

inform our inferences about the future will only decrease and our caution should therefore 

increase. While there are significant risks ahead, collaborations between statisticians and 

climate scientists enable us to more meaningfully understand the inherent uncertainties that 

we will face.
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Appendix A

Supplemental Materials Chapter 2

Figure A.1: Histograms of 𝑡-statistics at null locations for the base and smooth method. The 
𝑡-statistics are from a single iteration of the simulations run with the baseline parameter 
choices. A single iteration is plotted, but the pattern is typical of other iterations. The 0.05
and 0.95 quantiles of each distribution are labeled in the top left corner.
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Figure A.2: True rejections made by each method in the simulation studies varying 𝜎𝜀 and 𝑛. 
The dashed line shows 𝑦 = 𝑥.

method true rej. FDP sens. 

base 204.5 0.064 0.073 
YB 207.2 0.069 0.074 
smooth 253.2 0.062 0.091 

Table A.1: Results applying the method of Yekutieli and Benjamini (1999), labeled as YB in 
the table, to the baseline simulation. Values are mean values over 200 iterations generated 
from 10 spatial fields and 20 random 𝑦 samples per field.
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Figure A.3: Plots comparing two sets of smoothing method 𝑝-values from a single iteration 
of the simulations run with the baseline parameter choices. The first set was generated using 
smoothing weights that were fit as described in the paper, using the same sample of covariate 
data for fitting the smoothing as was used in the hypothesis tests. The second set used a 
second independent sample of the covariate data for fitting the smoothing weights. A single 
iteration is plotted, but the pattern is typical of other iterations. a) Scatterplot comparing 
the one-sample and two-sample 𝑝-values. b) Histogram of the differences in each location’s 
𝑝-values between two versions of the smoothing method.
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window 𝜎𝜀 FDP true rej. sens. 

4 1 0.341 400.7 0.143 
4 2 0.439 227.6 0.081 
4 3 0.541 133.4 0.048 

20 1 0.501 662.8 0.237 
20 2 0.572 492.2 0.176 
20 3 0.638 379.5 0.136 

Table A.2: Results applying the FDR𝐿 method of Zhang et al. (2011) to the baseline 
simulation study varying 𝜎𝜀. Neighborhood sets are chosen analogously to how the local 
windows for smoothing were selected in our method. The window column gives the length of 
neighborhood window edges in degrees. The median filter was used and the 𝜆 parameter of 
their method was set to 0.1. The values are means over 10,000 iterations.

method window 𝜎𝜀 𝑛 𝜙 𝜃
√

𝜓 𝛾 FDP s.d. FDX s.e. 

base 12 1 50 4 0 1 7 0.071 0.119 0.255 0.004 
smooth 12 1 50 4 0 1 7 0.071 0.124 0.249 0.004 

base 16 1 50 4 0 1 7 0.064 0.111 0.231 0.004 
smooth 16 1 50 4 0 1 7 0.062 0.119 0.220 0.004 

Table A.3: Simulation results showing the false rejection metrics of the proposed smoothing 
method in the baseline simulation study with smoothing windows of 12∘ × 12∘ and 16∘ × 16∘

rather than 20∘ × 20∘. The window column gives the length of the smoothing window edges 
in degrees longitude and latitude. The metric values are means (or standard deviations) over 
10,000 iterations of the simulation study run with the baseline parameters. For the FDX the 
standard error of the empirical probability is shown rather than the standard deviation.

method window true rej. s.d. sens. s.d. %Δsens. 

base 12 212.4 104.26 0.076 0.039 - 
smooth 12 238.3 116.06 0.086 0.044 12.0 

base 16 211.8 105.27 0.076 0.040 - 
smooth 16 251.5 125.28 0.090 0.047 18.6 

Table A.4: Simulation results showing the power metrics of the proposed smoothing method 
in the baseline simulation study with with smoothing windows of 12∘ × 12∘ and 16∘ × 16∘

rather than 20∘ × 20∘. The window column gives the length of the smoothing window edges 
in degrees longitude and latitude. The parameters for the simulations are given in Table S3. 
The metric values are means (or standard deviations) over 10,000 iterations of the simulation 
study run with the baseline parameters.
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𝛽1 𝛽2 method FDP s.d. FDX s.e. true rej. s.d. sens. s.d. %Δsens. 

1.0 1.0 base 0.050 0.087 0.181 0.004 321.7 171.3 0.069 0.041 - 
1.0 1.0 smooth 0.049 0.094 0.184 0.004 413.4 221.9 0.089 0.053 28.3 

1.5 0.5 base 0.053 0.090 0.202 0.004 300.1 122.8 0.063 0.030 - 
1.5 0.5 smooth 0.052 0.099 0.199 0.004 377.2 160.1 0.080 0.039 25.6 

Table A.5: Simulation results showing the evaluation metrics of the proposed smoothing 
method in the baseline simulation study with two randomly selected locations for generating 
𝑦 with coefficients 𝛽1, 𝛽2, respectively. The values are means (or standard deviations) over 
10,000 iterations of the simulation study run with the baseline parameters. For the FDX the 
standard error of the empirical probability is shown rather than the standard deviation.

method 𝜎𝜀 𝑛 𝜙 𝜃
√

𝜓 𝛾 FDP s.d. FDX s.e. 

base 1 50 4 0 1 7 0.061 0.108 0.222 0.042 
smooth 1 50 4 0 1 7 0.058 0.118 0.204 0.040 
two-sample smooth 1 50 4 0 1 7 0.058 0.118 0.205 0.040 

Table A.6: Simulation results comparing the false discovery control of the proposed smoothing 
method as presented in the paper with the scenario where the smoothing weights are fit 
on a second independent sample of the covariate data. The values are means (or standard 
deviations) over 10,000 iterations of the simulation study run with the baseline parameters. 
For the FDX the standard error of the empirical probability is shown rather than the standard 
deviation.

method 𝜎𝜀 𝑛 𝜙 𝜃
√

𝜓 𝛾 true rej. s.d. sens. s.d. 

base 1 50 4 0 1 7 211.1 104.2 0.076 0.040 
smooth 1 50 4 0 1 7 264.0 131.4 0.095 0.049 
doublesmooth 1 50 4 0 1 7 264.0 131.3 0.095 0.049 

Table A.7: Simulation results comparing the evaluation metrics of the proposed smoothing 
method as presented in the paper with the scenario where the smoothing weights are fit 
on a second independent sample of the covariate data. The values are means (or standard 
deviations) over 10,000 iterations of the simulation study run with the baseline parameters.
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method 𝜎𝜀 𝑛 𝜙 𝜃
√

𝜓 𝛾 FDP s.d. FDX s.e. 

base 1 50 4 0 1 7 0.083 0.127 0.295 0.046 
smooth 1 50 4 0 1 7 0.080 0.137 0.274 0.045 
base 2 50 4 0 1 7 0.051 0.163 0.120 0.032 
smooth 2 50 4 0 1 7 0.055 0.176 0.117 0.032 
base 3 50 4 0 1 7 0.044 0.187 0.064 0.024 
smooth 3 50 4 0 1 7 0.046 0.190 0.065 0.025 

Table A.8: Results for controlling false discoveries when the noise level simulation study 
is performed (with the same seed as the original simulation study with these simulation 
parameters), but with only locations where 𝛾𝑗 > 0.1 marked as true discoveries. The FDX 
gives the empirical probability estimated across the 10, 000 simulations. The FDP gives the 
mean value across the 10, 000 simulations. The s.d. column reports the sample standard 
deviation of the FDP values across the simulations, the s.e. column reports the estimated 
standard error of the FDX probability.

method 𝜎𝜀 𝑛 𝜙 𝜃
√

𝜓 𝛾 true rej. s.d. sens. s.d. %Δsens. 

base 1 50 4 0 1 7 199.3 93.5 0.237 0.110 - 
smooth 1 50 4 0 1 7 249.0 115.9 0.296 0.135 24.669 
base 2 50 4 0 1 7 42.9 73.7 0.051 0.088 - 
smooth 2 50 4 0 1 7 57.4 97.2 0.068 0.116 33.348 
base 3 50 4 0 1 7 10.2 37.8 0.012 0.045 - 
smooth 3 50 4 0 1 7 15.1 53.2 0.018 0.063 47.390 

Table A.9: Results for making true rejections when the same simulation study is performed 
(with the same seed as the original simulation study with these simulation parameters), 
but with only locations where 𝛾𝑗 > 0.1 marked as true discoveries. True rejections and 
sensitivity give the mean values of each quantity across the 10, 000 simulations. The sample 
standard deviations across the simulations are listed after each metric. The percent change 
in sensitivity of the smooth method from the base method is listed in the column following 
the s.d. of sensitivity.
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Appendix B

Supplemental Materials Chapter 3

Figure B.1: Lagged correlations between ENSO and PDO Surrogate Modes generated with 
the univariate IAAFT method compared to lagged correlations found in the observed modes 
and in the orthogonalized observed modes. ENSO is lagged relative to the PDO time series.
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Figure B.2: Lagged correlations between ENSO and PDO Surrogate Modes generated with 
the multivariate IAAFT method compared to lagged correlations found in the orthogonalized 
modes. ENSO is lagged relative to the PDO time series.
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Figure B.3: a) The fractional change in the mean standard deviation of the 0.05 quantile 
of December precipitation across the Synth-LEs generated from each CESM2-LE member 
from the standard deviation of 0.05 quantile estimates of December precipitation across the 
CESM2-LE member, i.e. ( ̄𝑠Synth − 𝑠CESM2)/𝑠CESM2. b) The standard deviation of the 50
estimates of the standard deviation of the 0.05 quantile from the 50 Synth-LEs. c) Histogram 
of the standard deviation estimates of the 0.95 quantile across the 50 Synth-LEs at the 
gridbox surrounded by the black rectangle in a) and b). d) Histogram of the standard 
deviation estimates of the 0.05 quantile across the 50 Synth-LEs at the gridbox surrounded 
by the green rectangle in a) and b). In c) and d) CESM2-LE standard deviation is plotted 
as a red dashed line, while the mean value across the 50 Synth-LE estimates is plotted as a 
black dashed line. The bin widths of the two histograms are different.
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Figure B.4: Boxplots comparing the fractional difference in December 0.95 quantile standard 
deviations over the Synth-LEs generated from each ensemble member and the standard 
deviation over the CESM2-LE, categorized by the optimized 𝜆 value for each CESM2-LE 
member. The boxplots include values over all CONUS locations. Maps of the mean fractional 
difference values were plotted in Figure 4a)

Figure B.5: Comparison of the proportion of each optimized 𝜆 value selected over CESM2-LE 
and GPCC data for December months.
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Figure B.6: a) Histograms of mean 0.2 quantile estimates across the Synth-LEs generated 
from each CESM2-LE member for California water year (September to October) mean 
precipitation. b) Histograms of the standard deviation of 0.2 quantile estimates across the 
Synth-LEs generated from each CESM2-LE member for California water year (September 
to October) mean precipitation. Mean values for each distribution are plotted as the black 
dashed line, while the CESM2-LE mean and standard deviation are plotted as the red dashed 
line.
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Figure B.7: a) Histograms of mean 0.2 quantile estimates across the Synth-LEs generated 
from each CESM2-LE member for California water year (September to October) mean 
precipitation during water years with positive ENSO. b) Histograms of the standard deviation 
of 0.2 quantile estimates across the Synth-LEs generated from each CESM2-LE member for 
California water year (September to October) mean precipitation during water years with 
positive ENSO. c) and d) as in a) and b), but for negative ENSO. Positive and Negative ENSO 
are defined by averaging the ENSO index over the DJF season, and selecting corresponding 
water years to include based on whether the index was above 1 or below −1. Mean values for 
each distribution are plotted as the black dashed line, while the CESM mean and standard 
deviation are plotted as the red dashed line.
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Figure B.8: The proportions of ensemble members with the specified number of extended 
dry stretches over the 100 year synthetic record. Extended dry stretches are defined as 
sequences of at least three consecutive years of below median California average precipitation. 
Sequences longer than three years are only counted once. The synthetic ensemble bars show 
the proportion across the 50 synthetic ensembles generated from each CESM2-LE member. 
The points show the proportions for each synthetic ensemble separately.
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Appendix C

Supplemental Materials Chapter 4

Figure C.1: Bootstrap 90% confidence interval for the mean of the synthetic flows, where the 
bootstrap step is applied while fitting Model (4.1).
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Figure C.2: Bootstrap 90% confidence interval for the 0.975 quantile of synthetic flows, where 
the bootstrap step is applied while fitting Model (4.1).
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Figure C.3: Bootstrap 90% confidence interval for the 0.025 quantile of synthetic flows, where 
the bootstrap step is applied while fitting Model (4.1).
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Figure C.4: The bootstrap 95% Prediction Interval for the synthetic flows conditioned on a 
single set of synthetic precipitation and time series records along with the mean prediction. 
The quantile estimates over the full distribution of synthetic precipitation and temperature is 
shown in red.
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