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ABSTRACT OF THE DISSERTATION

Uncertainty Quantification in Structured High Dimensional Regression Tasks with Missing

Data

by

Nathan Hwangbo

Doctor of Philosophy in Statistics
University of California, Los Angeles, 2025

Professor Karen McKinnon, Chair

Modern statistical analyses often involve inference in the setting where the number of
parameters exceeds the number of datapoints. Valid inference in this high dimensional setting
relies on modeling assumptions that constrain the dimensionality of the parameter space. The
set of assumptions appropriate for a given task should ideally make use of domain knowledge
about the underlying structure of the data. This thesis develops statistical models for high
dimensional regression tasks in two scientific domains, with particular attention paid to
quantifying uncertainty due to these structural assumptions. Chapters 1 and 2 discuss the
field of paleoclimate reconstruction, whereby climate of the past is inferred through natural
archives like tree-ring widths (TRW). The paleoclimate reconstruction task is best formulated
as an inverse problem, where the unobserved climate of the past is viewed as missing data
that must be estimated by inverting a forward model which maps climate to tree-ring widths.
Without constraints, this problem is ill-posed, in the sense that it is impossible to disentangle
the contribution of climatic and non-climatic influences on variation in the paleoclimate
proxy. We consider the Bayesian approach to the inverse problem, which estimates the
probability distribution of the inverse solution and constrains the solution space by imposing
prior distributions on both past climate and the climate-proxy relationship. Chapter 2

proposes a Bayesian hierarchical model for TRW-based paleoclimate reconstructions at a
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single spatial location, with emphasis placed on propagating uncertainties in the forward
model. One source of uncertainty in existing paleoclimate reconstruction workflows is
the temporal change of support problem, whereby TRWs produce a single measurement
per year, but are typically not equally sensitive to climate in all seasons. The proposed
model resolves the change-of-support problem by modeling climate at monthly temporal
resolution, simultaneously estimating the season which the proxies are sensitive to alongside
the reconstruction. Chapter 3 considers uncertainty in paleoclimate field reconstructions,
where proxies at multiple spatial locations are used to generate a gridded spatial reconstruction
of the past. The high dimensional spatiotemporal nature of this task make computational
feasability a limiting factor, so that popular existing methods for climate field reconstruction
make use of simplifying assumptions for practical use. In Chapter 3, Bayesian hierarchical
models for climate field reconstruction are developed which include these existing methods
as special cases. This framework is used alongside pseudoproxy experiments to highlight
the simplifying assumptions implicit in existing climate field reconstruction methods, and
to assess the influence of these assumptions on reconstruction skill. Insights gained from
these experiments are used to develop a simplified model for the common paleoclimate
task of estimating a large-scale spatial average. Chapter 4 discusses the application of high
dimensional regression to a different scientific domain, the identification of biomarkers in
metabolomic profiles of cerebrospinal fluid (CSF). Recent advances in high-throughput biology
have allowed for the measurement of concentrations of all small molecules in a biological
sample (known as the metabolome). These metabolomic profiles are influenced by both the
genome and the environment, and can be used to identify biomarkers of different phenotypes.
We focus on the identification of biomarkers for Alzhiemer’s and Parkinson’s disease using
metabolomic profiles of CSF. Due to the invasive procedure required to extract CSF, very few
samples are available for analysis, leading to a “small n, large p" setting where the number of
metabolites greatly exceeds the sample size. In addition, multiple technologies and processing

techniques are available for annotating and identifying metabolites, so that the results of any
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metabolomic analysis are sensitive to the particular data collection methods used. These
metabolomic profiles are subject to measurement error and frequently feature missing data,
so that the imputation of missing regressors (here, metabolite concentrations) is a common
theme shared across the thesis. We compare biomarker identification across metabolomic
profiles and multiple statistical analyses to assess the robustness of our findings to these data
and methodological choices. Chapter 5 contains a discussion of possible extensions to the

methods developed here to obtain more reliable inference in each of these scientific domains.
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Chapter 1

Introduction

Modern advances in computational capability, statistical theory, and data collection practices
have given way to the development of statistical techniques for inference when the number
of unknown parameters exceeds the number of available data points. A common theme in
this high dimensional setting is that structural assumptions on the data are often required
to obtain reliable parameter estimates. The choice of structural assumption in an applied
data analysis should rely on domain expertise and will vary depending on the task at
hand. These assumptions are often made at the discretion of the researcher, and represent
a “researcher degree of freedom”, a choice made by the analyst whose uncertainty might
not be captured by the output of existing statistical models |1, 2|. This thesis contains
methodological advancements towards more complete quantification of this type of uncertainty
for two regression tasks: paleoclimate reconstruction and metabolomics-based biomarker

identification.

Paleoclimate reconstruction aims to extend the climate record into the past, before
the development of modern weather instruments. The routine measurement of surface air
temperature, precipitation, and other climate variables provides a source of data which has
proved to be crucial for improving our understanding of earth systems. However, very few

high quality instrumental measurements exist prior to 1850, and this temporal length limits



statistical analysis of the climate system. For example, quantifying the natural variability in
the climate system requires the characterization of multidecadal climate patterns (e.g. [3]).
The statistical estimation of these patterns from the relatively short instrumental record is
subject to large sampling variability, so that physical assumptions and understanding must be
heavily relied upon to obtain estimates of these forms of natural variability. Furthermore, the
quantity of interest in many climate studies is often extreme events, whose characterization
is particularly important for climate adaptation. Statistical estimation of extremes requires
much more data to constrain than measures of central tendency (e.g the mean). As a result,
the length of the instrumental record also limits our ability to obtain reliable estimates
of these distribution tails. One additional challenge inherent with using the instrumental
record in climate studies is that the technological advances which led to modern weather
instruments coincide with a period of industrialization where humans have undoubtedly
influenced the climate system. High quality instrumental climate data is not available prior
to industrialization, making it difficult to disentangle anthropogenic influence from natural
climate variability from existing data. In short, the length of the instrumental record and
its positioning in time present obstacles which obfuscate our ability to characterize natural

climate variability and the climate response to anthropogenic forcings.

Paleoclimate reconstructions attempt to extend the instrumental record by inferring past
climate from natural archives whose formation depends on climate. Tree-ring widths (TRW),
the paleoclimate proxy most commonly referred to in this thesis, provide one record per year,
with wider rings typically reflecting more favorable growing conditions. With this proxy type,
statistical methods for paleoclimate reconstruction require the development of a forward
model which maps climate to TRWs, and a method for inverting this relationship to obtain
estimates of past climate from long-lived trees. Paleoclimate reconstruction studies requires
many scientific and statistical considerations [4]: for example, the researcher must, for each
paleoclimate proxy, determine what time period the proxy records, determine what climate

variable(s), if any, the proxy is sensitive to, and identify non-climatic influences on growth.
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Each of these factors requires thoughtful analysis from an expert on the particular proxy
type. Once a biologically-informed statistical model describing proxy formation from climate
is developed, it must then be inverted to obtain estimates of past climate given ancient proxy
measurements. This so-called inverse problem is notoriously ill-conditioned, so that that
small modifications to the data and the model can lead to large differences in the resulting
paleoclimate reconstruction. This not only makes point estimation difficult, but also tends
to lead to unreliable quantification of uncertainty. Modeling assumptions are necessary for
reliable estimation, and the sensitivity to these choices must be assessed. This complex,
multifaceted nature of paleoclimate studies makes reconstruction uncertainty difficult to fully
account for. Chapters 2 and 3 propose Bayesian hierarchical models (BHMs) for paleoclimate
reconstruction which provide principled uncertainty quantification at different stages of the

reconstruction workflow, focusing on annual reconstructions of the Common Era.

One challenge with TRW-based paleoclimate reconstructions is that TRWs produce a
single measurement each year, but growth is not uniformly influenced by climate throughout
the year. This forms a many-to-one relationship between sub-annual instrumental climate
data and annual tree ring widths. Dendrochronologists commonly resolve this temporal
mismatch by first identifying seasons that the proxies are sensitive to, then reconstructing
seasonal averages from the TRWs. The choice of seasonal target is often not obvious, given
the complex biological mechanisms which drive proxy formation and the high autocorrelation
typically present in climate variables at sub-annual resolution. Uncertainty in the choice of
season does not get propagated to the final reconstruction, and it is unclear how impactful this
choice is to the analysis. Chapter 2 quantifies the impact of this decision on reconstruction
skill and proposes a statistical model which simultaneously learns which season the proxy is
most sensitive to alongside the reconstruction. In addition to estimating proxy seasonality, the
output from the proposed model can be used to create reconstructions of arbitrary monthly
averages which incorporate uncertainty due to the choice of averaging period. More broadly,

we demonstrate that uncertainty in misspecified forward models is not properly propagated



to the reconstruction, even when the forward model is learned simultaneously alongside the
reconstruction. In particular, when the linearity assumption is a poor fit for the proxy—climate
relationship, we show that the introduction of a mean-zero, time varying “model discrepancy”
term improves uncertainty quantification in the reconstruction. The large number of latent
parameters and short instrumental climate record make model evaluation with observations
difficult, so emphasis is placed on the development of pseudoproxy experiments, which use
monthly output of physics-based climate models alongside predetermined forward models to
construct synthetic proxy data. Pseudoproxies based on climate model output are based on
realistic spatiotemporal climate variability and can extend into the last millennium, providing
a thorough testbed for the evaluation of statistical models. The contents of this chapter are

currently in review for publication by Geophysical Research Letters.

In recent years, paleoclimatologists have compiled impressive collections of paleoclimate
proxies across time and space, enabling the construction of estimates of past climate globally.
Obtaining reconstructions of spatiotemporal climate fields from proxies is a monumental task
requiring collaboration from researchers across many scientific domains [5]. On the statistical
side, spatiotemporal reconstruction studies combines the aforementioned challenges with the
inverse problem in local models, with the challenging of interpolating climate information
between proxy sites to locations which do not yet have available proxy measurements. Chapter
3 develops Bayesian hierarchical models for spatial paleoclimate reconstructions, jointly
modeling local proxy—climate relationships across different proxy sites, then interpolating
inferred local climate at these sites to estimate a spatially gridded paleoclimate reconstruction
surface. The proposed Bayesian hierarchical model links together existing spatially resolved
reconstruction methods as special cases. Most notably, the popular method of paleoclimate
data assimilation (PaleoDA) is shown to be an approximate sampler to a variant of the
proposed model, and this connection is used to reveal different simplifying assumptions
implicit in PaleoDA. Pseudoproxy experiments are constructed to better understand the

implications of each of these assumptions on reconstruction skill, especially with regards to

4



uncertainty quantification. One simplifying assumption made by PaleoDA is that the forward
models need not be learned simultaneously with the reconstruction, and can instead be
learned first and approximated using point estimates of the parameters. As a result, PaleoDA
reconstruction uncertainty estimates do not typically reflect uncertainty due to the learned
forward model. As in the previous chapter, we find that simultaneously learning the forward
model alongside the reconstruction can account for this uncertainty, and that the inclusion of a
zero-mean model discrepancy term in the forward model improves reconstruction uncertainty

quantification when the forward model is misspecified.

A defining feature of PaleoDA is the choice to estimate spatial covariance from the output
of physics-based climate models, rather than using any observational instrumental or proxy
data. This modeling decision is critical to the success of PaleoDA, as as the estimation
of a spatial covariance matrix from proxy data represents a computational bottleneck in
Bayesian models for climate field reconstruction. However, choosing not to learn spatial
covariance from the observations risks missing out on information about spatial covariance
that can be learned from the proxies themselves. To evaluate the impact of this choice, we
develop pseudoproxy experiments which quantify the extent to which proxies can inform
spatial covariance in the Common Era. We find that PaleoDA and the proposed BHMs are
complementary, with the simplifying assumptions of PaleoDA offering insight into where

modeling assumptions can be made without sacrificing reconstruction skill.

Oftentimes, the quantity of interest in climate field reconstructions is the estimation of a
large-scale spatial mean (e.g. a time series reconstruction of average Northern Hemisphere
temperature). When the reconstruction of a spatial mean is the only estimand of interest,
we propose a modification to our Bayesian model which treats the estimation of a large
scale average as a high dimensional regression problem, whereby inferred local climate
at gridcells with proxy data are used as regressors in a linear model to directly predict
the large scale spatial average. This step of the analysis naturally fits into the modeling

framework by adding this regression step as an addition layer to the Bayesian hierarchical



model. The advantage of this method is that it does not require the estimation of a full
gridded climate field, instead only utilizing reconstructions at gridcells which contain proxy
observations. Pseudoproxy experiments demonstrate that this method is computationally
efficient without loss of reconstruction skill. This framing of spatiotemporal climate problems
as high dimensional regression tasks where different spatial locations are treated as predictors
has started to gain traction in recent years (e.g. [6]). This treatment shares quite a lot
in common with the high dimensional regression tasks in high-throughput biology, in the
sense that the predictors are highly correlated, and the correlation has structure which is
partially known through field expertise (i.e. climate system spatiotemporal patterns and
biological pathways). Chapter 4 contains an application of a high dimensional regression task

in metabolomic profiles.

The metabolome, the collection of small molecules in an organism, acts as a bridge
between genotype and phenotype, in the sense that the metabolome is influenced by both
genetic and environmental factors. This makes the metabolome a unique and powerful tool
for investigation into biological mechanisms for observed characteristics. Characterization of
the metabolome includes the measurement of many different metabolite concentrations, so
that jointly modeling the metabolome naturally requires high dimensional statistical models.
Furthermore, processing metabolite data requires the use of expensive and sensitive scientific
equipment, so that these studies also typically feature a small number of human subjects.
Statistical analysis in this setting of small sample size, many metabolites requires additional
modeling assumptions to be well-posed. One challenge associated with metabolomic studies
comes from the many possible technologies for measuring metabolite concentrations, each
producing datasets with varying degrees of metabolite annotation and identification. The goal
of the analysis in Chapter 4 is to use metabolomic profiles of cerebrospinal fluid (CSF) from
a small sample of patients to identify potential biomarkers for Alzheimer’s and Parkinson’s
disease (AD and PD, respectively). To assess variability due to the choice of metabolomic

profile, we conduct our analysis in parallel using data resulting from three different processing



techniques: (1) a targeted panel, which identifies concentrations from a small set of well-
known, predetermined metabolites, (2) an untargeted panel, which records the full spectrum
of measured metabolites in a sample, and (3) a lipidomic panel which exclusively measures fat-
soluble metabolites. Elastic net logistic regression is used to classify subjects with Alzheimer’s
and Parkinson’s disease from their metabolomic profiles and offer exploratory analysis for
potential biomarkers that might be relevant to the predictions. Obtaining CSF samples
requires lumbar punctures, an invasive medical procedure. As a result, a small number of
samples are available for analysis relative to the number of metabolites, and particular care is
paid to the robustness of the inference to different statistical techniques for this small-n, large
p problem. Additionally, biomarker identification is assessed across untargeted, targeted, and
lipidomic profiles to assess whether predictive drivers from each profile can be linked to the
same biological pathways. The contents of this paper are published in [7].

Despite being from distinct scientific fields, paleoclimate reconstruction and metabolite
biomarker identification share many statistical characteristics. Both regression tasks are
high-dimensional in nature, either in the form of many metabolites or many latent years of
climate data to be inferred, potentially at many different spatial locations. The data for both
fields is highly structured, either through biological pathways in the metabolome, or through
spatiotemporal relationships in the earth system. Both tasks feature missing data problems,
either through missing metabolite concentrations resulting from the use of sensitive mass
spectrometry equipment, or through “missing” climate values prior to the development of
modern weather instruments. The work presented here represents domain-specific methods

towards a more complete accounting of uncertainty in such applied analyses.



Chapter 2

Simultaneous optimal target season
estimation and local climate

reconstruction using tree-ring widths

Tree-ring widths provide a natural archive of past environmental variability and are a
valuable resource for paleoclimate reconstructions of the Common Era. However, tree-rings
widths only provide climate information during a portion of the year and uncertainty in the
seasonality of climate influence on the proxy formation adds to the challenge of separating
climatic signal from non-climatic noise. Here we propose a Bayesian hierarchical model for
the simultaneous estimation of a target reconstruction season and reconstruction of local
climate. We estimate the target reconstruction season through the introduction of latent
monthly weights, whose priors can be adjusted to reflect expert knowledge. Model behavior
is explored using pseudoproxy experiments and applications to tree-ring width chronologies
with known seasonal biases. Our proposed model provides meaningful information about the

true growth-determining season of the proxy and leads to improved uncertainty quantification

The contents of this chapter are in review at Geophysical Research Letters



while retaining overall model skill.

2.1 Introduction

Obtaining a record of past climate that extends before instrument-based measurements is
desirable for a better understanding of how modern changes in climate compare to past
climate variability [8, 9, 10]. To this end, paleoclimate proxies — natural systems that record
past climatic conditions — can be used to reconstruct the climate of the past. In this paper,
we consider local climate reconstructions using tree-ring widths (TRW), which are some of
the most widely distributed and highly spatio-temporally resolved proxies of the Common
Era [11, 12]. Wider tree rings indicate favorable growing conditions, which can include a
variety of climactic influences (e.g. precipitation, temperature, soil moisture) depending on

the location and tree species.

One common difficulty is that proxy records are seldom equally good recorders of climate
in all seasons. TRWs typically reflect climate during only part of the year, when the climate
is a dominant control on growth. While some studies — especially multiproxy studies — aim to
reconstruct mean annual climate (e.g. [13, 14, 15]), the majority of tree-ring reconstructions
use expert or prior knowledge to make an informed assumption about their archive’s seasonal
window and limit their reconstructions to that season. When the seasonal window is correctly
specified, statistical models that reconstruct seasonal climate have more skill than those
reconstructing mean annual climate; however, this choice is not always clear, particularly
when multiple tree-ring chronologies are used. For instance, a recent experiment [4] assessed
methodology-based reconstruction uncertainty by tasking different research groups with
creating Northern Hemisphere temperature reconstructions from the same data. Across 15
research groups, temperature was reconstructed for four different seasonal windows: June-
July, June-August, May-September, and June-October. Given the different climatologies

represented in these time periods, the choice of seasonal window can meaningfully change the



interpretation of the resulting reconstruction [16, 17, 18]. This choice is further complicated by
the fact that the optimal reconstruction season need not be the growing season, as TRWs can
integrate climate information from prior months through biological-induced autocorrelation
(e.g. [19, 20]). These challenges motivate our development of a consistent, objective, and

data-driven approach to address the paleoclimate challenge of seasonality.

Here we propose a Bayesian statistical model that simultaneously infers a target recon-
struction season and reconstructs past climate from the proxy data. Previous work with
other proxies has also attempted to infer a reconstruction target season, but as a separate
pre-processing step prior to fitting the regression model used for reconstruction |21, 22, 23, 24].
These approaches either depend heavily on expert judgment or rely on screening procedures
which perform many simultaneous tests on autocorrelated data, which is prone to producing
spurious correlations without statistical corrections [25, 26]. In contrast, the statistical model
proposed here explicitly includes estimation of the seasonal window as part of the calibration

and reconstruction, which avoids the need for multiple tests.

We focus our attention on linear inverse Bayesian hierarchical models, a class of statistical
model which explicitly combines domain knowledge with data to obtain reconstructions
with uncertainty quantification (see [27] for an overview). Section 2 contains a discussion of
the data and statistical model. In Section 2.3.1, pseudoproxy experiments (PPE), wherein
synthetic tree-ring records are constructed as a response to specified climate variables [28],
are developed to identify the potential problems with misspecified monthly sensitivity. Our
statistical model is applied to pseudoproxy data in Section 2.3.2, showing the model’s skill in
both the identification of a growth-dominant seasonal window as well as reconstruction. In
Section 2.3.3, the model is applied to real tree-ring width data that are known to be sensitive
to water year precipitation and we test the extent to which our model recovers the same
seasonal window. Of particular interest is the model’s ability to accurately capture and reflect
uncertainty in its final reconstruction, which is an ongoing challenge in paleoclimate studies

20, 29, 25].
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2.2 Data and methods

2.2.1 Model output and tree ring chronologies

The pseudoproxies used to test the proposed methods are constructed from monthly-average
temperature and precipitation. We rely on climate model output rather than actual ob-
servations so that we can straightforwardly evaluate the skill of the statistical models in
reconstructing climate before the instrumental period. Model output is from the first ensemble
member of the CESM1 Last Millennium Ensemble Project with all transient forcings [30]
with a spatial resolution of 2°. The full simulations spans the years 850-2005, from which we
use years 1600-2004 to evaluate our method.

The tree-ring records for the case study are from 165 individual blue oak (Quercus
douglasii) increment cores from two southern California sites: Los Lobos Creek (34.92°N,
119.24° W) and Figueroa Mountain (34.74°N, 120° W), which span the years 1293 - 2004 [31,
32]. Annual tree-ring width measurements for this species at these sites have been shown to
be sensitive to local cool-season and/or water year precipitation [33, 34, 35]. Observational
monthly precipitation is taken from the Parameter-elevation Regressions on Independent
Slopes Model (PRISM), a high resolution (4km) gridded precipitation dataset (e.g. [36]). We
extract monthly precipitation from the nearest grid cell to the blue oaks between the years

1895-2004. In all analysis, the water year is used as our annual averaging period.

2.2.2 A hierarchical Bayesian model for monthly reconstructions

The statistical model we propose builds upon existing approaches to hierarchical Bayesian
regression for paleoclimate calibration and reconstruction [27, 37, 38, 39, 40, 41, 42, 43|.
Following previous work [44, 45|, we model the log of tree-ring width as a linear function of
an annualized climate variable of interest and tree age. In this paper, we use log-transformed
precipitation as the climate variable, although the same methods could be used for another

variable such as temperature (the log transform ensures that reconstructed precipitation
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remains positive, and in many cases leads to a better linear fit with tree-ring widths [46, 47]).
Tree age is a known non-climactic factor confounding the climate-proxy relationship, due to
the fact that older trees have wider circumferences, so that the same volume of growth results
in narrower rings [48|. The following annually-resolved model for TRW will be referred to as

the “baseline" model:

log (TRW)M = Boi + Brage; ; + Beclimate; + €4 (2.1)
climate;,; — pu = a(climate; — u) + e
€is ~ N(0,07)

ep ~ N(O,ag)

where 7 indexes trees, and t indexes time in years, beginning with the first year with tree
ring data and ending with the last year with tree ring data. To capture climate signal that
might be present in individual trees but not the mean response [49, 50|, each tree is allowed
its own intercept (3y;), age-width regression coefficient (f;), and residual variance (o;), and
these tree-specific parameters are assumed to be draws from distributions which are shared
by all trees (see SI Text S1 for more detail). (. captures the proxy-climate relationship,
which is assumed to be linear and shared between trees. « is an autoregressive coefficient
which captures year-to-year dependence in the climate time series, with innovations e;. Given
that the tree-ring records extend further back in time than the instrumental climate record,
the reconstruction task is to estimate the values (climate;, climates, ..., climate; ), where
tins denotes the first year of instrumental data. The generic notation “climate" is used to
emphasize, as noted above, that any climate variable can be modeled using this approach,
although log-precipitation is the chosen reconstruction target throughout the paper. We treat
each yearly value in the pre-instrumental climate time series as a model parameter to be

estimated alongside the regression parameters. This baseline model combines characteristics
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of previous approaches: tree-specific parameters are included to allow for flexibility in the
tree-ring width-climate relationship (similar to [44, 45]), while also including an autoregressive
term on the climate variable (which is included in [39, 40]) to better estimate reconstruction
variability. This autoregressive structure is in contrast to models with an autoregressive term
on tree-ring widths [45], which might have a different temporal structure than the climate

series due to memory in the biological process of growth itself [51, 52, 53].

In the model described above, there is a single annual value of climate associated with
the tree-ring widths, which is usually chosen to be the average climate over a predetermined
subset of months. This motivates our proposed model, which learns monthly weights as
part of the calibration. Let climate;, now refer to monthly climate anomalies in year ¢ and
month 7, so that each month’s time series has zero mean and unit standard deviation over
the training period. A simplified version of the proposed model can be written as follows

(full details are available in SI Text S1):

log (tree-ring width), , = Bo; + Baage;, + Seclimate; + 1 + € (2:2)

€ir ~ N(0, a?)

12
climate; = g wiclimatey,
=1

climate;,, — pt = a,(climate,,, | — u) + €4
N ~ N(07 O-it)

em ~ N12(winput7 Z)

exp(6,,)
2311 exp(6;)

m:

where m indexes months. The first two lines are similar to their analogue in model (2.1),
where the logarithm of tree-ring widths is assumed to have a linear relationship with age

and climate. However, rather than pre-specifying which months are averaged to produce a
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yearly climate value, the yearly climate variable (climate;) is now modeled as a weighted
average of monthly values (climate,;). The prior distribution on the vector of monthly weights
depends on hyperparameters winpy (also a vector of length 12) and ¥ (a 12 x 12 covariance
matrix), which can be specified by the user to encode prior knowledge about the target
reconstruction season. The relative size of elements of wi,,,; indicate which months are
thought to be included in the target reconstruction season, while the absolute magnitudes
indicate the strength of this prior knowledge (a non-informative uniform prior is used through
this paper, and guidance on the selection of wiypy is discussed in SI Text S2). The other
hyperparameter, 3, encodes prior belief about relationships between monthly weights. We
allow Y to learn the strength of these relationships, but enforce that months closer together
in time are more similar to those further away (e.g. weights for December will look more
similar to January than July). Weights are constrained to be nonnegative and sum to one
by taking the unconstrained weights (6) and normalizing them by their exponentiated sum.
Another difference between the baseline model in Eqn. (2.1) and the proposed model is that
the autoregressive term is now on the monthly process rather than the yearly one, with a,,
(constrained between 0 and 1) modeling the strength of this month-to-month relationship.
Finally, we note the inclusion of 7;, a zero mean “model discrepancy" term with changing
variance o,,. This term accounts for approximation error in the assumed linear calibration
relationship, and is needed to quantify uncertainty in the reconstruction [54]. The model
produces a fully probabilistic reconstruction, which can then be evaluated in the validation

period (e.g. as far back as the first year of available instrumental climate data)

2.2.3 Pseudoproxy construction

The proposed model will be evaluated using pseudoproxy experiments in Sec. 2.3.2. Pseudo-
proxies are constructed from the monthly climate model output with pre-specified growing
seasons, which enables us to evaluate both reconstruction skill and seasonal window inference.

Our pseudoproxies come in two general forms. The first is a “best case" scenario, where the
)
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pseudoproxies are created from the same data-generating process as the proposed statistical
model in Eqn. (2.2) (namely a linear combination of monthly log-precipitation anomalies),
so that the statistical model perfectly captures the pseudoproxy-climate relationship. The
second set of pseudoproxies are generated using the more realistic VS-lite forward model
[55], where tree-ring widths are modeled as a potentially non-linear multivariate function of
temperature and precipitation. In this model, growth is controlled by the limiting variable
between temperature and soil moisture, the latter of which is a function of precipitation,
and is modeled using the CPC leaky bucket model [56]. The primary parameters for the
VS-lite model are thresholds for the minimum and maximum temperature and soil moisture
needed for growth. Temperatures or soil moisture values above the maximum are assumed to
have no additional impact on growth. In order to create pseudo tree rings that are primarily
moisture sensitive, analogous to the blue oaks used in the case study (Sec. 2.3.3), we chose the
minimum and 0.1 quantile for temperature, and the 0.1 and 0.95 quantiles for soil moisture,
for the minimum and maximum parameters at each location. Depending on the climatology,
growth is limited by moisture in 90% - 95% of months in our experiments. Defaults from the
VSLiteR package are used for all other parameter choices [57]. Both methods of generating
pseudoproxies yield a single yearly tree-ring width time series W (y), which is standardized to
have zero mean and unit standard deviation, then turned into multiple trees through scaling

with noise (following [58]):

W(y)i ~ N(V1—0?>W(y),o°)

where ¢ indexes the trees as before. Values of o can be chosen by specifying the signal-to-noise

ratio, defined here as by 4/ 1;;’ 2. In all pseudoproxy experiments, the validation period is

chosen to be 1600-1949 with training period 1950-2004.

15



2.3 Results

2.3.1 The impact of misspecified seasonality

We first demonstrate the implications of misspecifying the seasonal sensitivity of the proxy
when constructing climate reconstructions using pseudoproxy data. There are three broad
categorizations of seasonal misspecification in annual-resolution climate reconstructions: the
reconstruction target season being too large (e.g. ignoring seasonality and attempting to
reconstruct mean annual climate, which has been warned against in [59, 20]), the target
season being too small, and the target season having no overlap with the proxy’s true seasonal
sensitivity. To illustrate the consequences of each of these misspecifications, we conduct a
series of psuedoproxy experiments using precipitation data from one member of the CESM
Last Millennium Ensemble for the gridcell closest to the location of the case study presented
in Section 2.3.3 (35°N, 119°W). In each experiment, ten pseudoproxies are constructed to
have a linear relationship with average December - February (DJF) log precipitation with a
signal-to-noise ratio (SNR) of 0.75, which mimics relatively high quality paleoclimate proxies
[28]. We then fit a non-seasonally resolving hierarchical Bayesian model (described in Section
2.2.2, Equation 2.1) which matches the pseudoproxy generating process, except that the
target reconstruction seasons are chosen to be correctly specified (Fig 2.1a), longer than DJF
(Fig 2.1b), shorter than DJF (Fig 2.1c), and completely misspecified (Fig 2.1d). Because
the data generating process almost exactly matches the statistical model, the differences in
reconstruction skill between the pseudoproxy experiments can be attributed solely to seasonal
misspecification. The statistical model produces a probabilistic reconstruction, meaning
that a posterior probability distribution for precipitation is estimated for each hindcast year.
The reconstructions are evaluated in two ways: in the skill of the posterior mean, which
is measured by the Pearson correlation coefficient R with the true log precipitation, and
in uncertainty estimation, which is measured by 90% frequentist coverage, defined as the

proportion of years in which the 90% credible interval contains the true log precipitation.
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Figure 2.1a represents the best case scenario, in which the pseudoproxies are sensitive
to DJF-average log precipitation, and the paleoclimatologist has chosen DJF-average log
precipitation as the reconstruction target. The model follows the form of Equation (2.1)
and is calibrated on the years 1950-2004, with reconstruction skill being evaluated on the
years 1600-1949. In this case, the correlation between the posterior mean and the true log
precipitation over the reconstruction period is high at 0.89, and the uncertainty quantification
is close to the nominal level, with 91% of years being captured by the 90% credible interval.
In contrast, Figure 2.1b represents the case when the chosen target season is too large,
with mean annual log precipitation chosen as the target when the pseudoproxies are only
sensitive to DJF. The model skill is reduced compared to the correctly specified case, and it
noticeably underestimates the reconstruction uncertainty (R = 0.75, 90% coverage of 0.80).
This misspecification error tends to be the least harmful seasonal misspecification, as the
correct months are still entirely contained in the chosen reconstruction target. The addition
of the rest of the year acts as noise in the regression model, which in this specific case is
relatively small since DJF makes up a large proportion of yearly precipitation in the gridcell
(the correlation between DJF and annual precipitation is R = 0.91). Figure 2.1c considers
the case where the reconstruction target season is smaller than the growing season of DJF,
targeting only January. Again, both mean reconstruction skill and coverage degrade relative
to the experiment with correct seasonal specification, and more so than overestimating the
reconstruction season (R = 0.55, 90% coverage of 0.70). In general, the consequence of
this misspecification will depend on the strength of the climate-proxy relationship in the
months that are left out and on the strength of the correlation between the growing and
target seasons; the larger reduction in skill in this case of misspecification is linked to the
relatively low correlation (R=0.61) between January and DJF precipitation. Finally, Figure
2.1d considers the case when the target season is completely misspecified, reconstructing
JJA log precipitation instead of DJF. While this extreme scenario is unlikely to occur in

practice, it illustrates the point that reconstruction skill (in both posterior mean correlation
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and uncertainty quantification) suffers most when two seasons are nearly uncorrelated with

one another (R = 0.14, 90% coverage = 0.66).
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Figure 2.1: The problem with reconstruction target season misspecification using idealized
pseudoproxy experiments from a Southern California grid cell (35.1°N, 120°W) in a run
from the CESM Last Millenimum Experiment. Baseline reconstructions of log precipitation
(standardized to have zero mean and unit variance from 1950-2004) for the seasons (a) mean
DJF (the correct pseudoproxy seasonal window), (b) the annual mean, (c¢) January, and (d)
JJA. The posterior mean reconstruction is shown in purple with shading representing 90%
pointwise credible intervals. Black lines display true (i.e. climate model output) standardized

log precipitation.

2.3.2 Pseudoproxy Experiments for the monthly-resolved model

Having demonstrated the negative implications of misspecifying the reconstruction season,
we turn to evaluating the proposed statistical model (Eqn. (2.2)), which jointly estimates the
contribution of each month’s climate to the growth of the annual tree ring and reconstructs

past climate. The pseudoproxies used for the evaluation follow the same construction as in
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Section 2.3.1, generating ten DJF-sensitive pseudoproxies with SNR of 0.75, calibrated in

years 1950-2004 and evaluated in years 1600-1949.

The results of the first pseudoproxy experiment are shown in Figure 2.2. The model is
largely successful at inferring from the data that year-to-year tree growth was controlled only
by DJF precipitation (Fig. 2.2b); the weights in all other months are small, and their credible
intervals do not exceed the prior of equal weight across all months. However, the weights do
have uncertainty, and do not exactly align with the 1/3 weight on each month in DJF that
would be identical to the DJF-average. As a result of this added uncertainty, the proposed
model performance of the reconstruction target is noisier than that of the perfectly specified

baseline model (Fig. 2.2a; R = 0.86 and 90% coverage of 0.91).

So far, all model results have been expressed in weighted averages of log precipitation,
which is the specified reconstruction target. However, this metric is not typically of interest
by itself; rather, in addition to learning which months the proxy is sensitive to, we would like
to get estimates of the actual (not log-transformed) precipitation during a particular season.
This is demonstrated in Figure 2.2c, where the learned monthly log precipitation anomalies
in DJF are scaled by the monthly calibration standard deviations, added to the monthly
calibration means, exponentiated, and averaged to obtain a reconstruction of DJF-mean
precipitation in their original units (here, mm/month). While this process slightly degrades
the quality of the reconstruction, as expected, it remains relatively good with a correlation
of 0.78 and a 90% coverage of 0.84 for the reconstruction period. This ability to generate
arbitrary annual-resolution averages can be used as an alternative to fitting a separate version

of the baseline model to each season of interest, as was done in Figure 2.1.

The clear identification of DJF as the growth-determining season in Figure 2.2b is
optimistic for real proxy data, because the pseudoproxies were constructed using the same
statistical relationship as assumed in the reconstruction model, i.e. as a linear combination
of log-precipitation plus noise. To assess model performance under misspecification, we

use pseudoproxies generated by VS-lite (see Section 2.2.2). This forward model creates a
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single noiseless tree-ring width series as a function of temperature and precipitation; we
then add noise to obtain pseudoproxies with a specified SNR. There are two types of model
misspecification at play when fitting the proposed statistical model to VS-lite pseudoproxies:
the model assumes that tree-ring width is a function of log-transformed precipitation when
it is a function of soil moisture in VS-lite, and there is a nonlinear relationship in VS-lite
between soil moisture and tree ring width, whereas the statistical model assumes linearity. The
analogous version of Figure 2.2 for the VS-Lite pseudoproxies with 0.75 SNR demonstrates
slightly worse correlation in the posterior mean (0.78 compared to 0.68) and similar frequentist
coverage (0.84 for a nominal level of 0.90) (SI Figure Sla compared to Figure 2.2¢), which
reflects the impact of both forms of model misspecification present in the VS-Lite experiment.
Note that the optimal target season for VS-Lite pseudoproxies is not known a priori, but the
inferred weights are similar to what we might expect from calculating the correlation of each

month’s precipitation to tree-ring width (compare SI Figure S1b and Slc).

To better verify the extent to which the model can infer the target season under mis-
specification, we perform a number of sensitivity tests. For all tests, we use a truncated
version of the VS-lite pseudoproxies where growth is set to zero outside of DJF, which allows
for weight inference comparisons to the linear pseudoproxy experiment. First, we perform
the same reconstruction task as above but using the truncated version. In this case, the
posterior distribution of the inferred weights have more uncertainty than in the linear case
(compare Figure 2.2b and SI Figure S2b), but both correctly identify DJF as the dominant
season. Second, to test the sensitivity of the model to proxy noise, we run a series of VS-Lite
experiments similar to above, but with more challenging conditions, varying the SNR (at
0.25, 0.50, 0.75). The posterior mean weights look similar at each of these SNR levels, but a
higher SNR corresponds to less uncertainty in the posterior (e.g. SI Figure S3a). Finally,
we assesses sensitivity to the choice of prior weights, varying the prior to be uniform across
the year (Fig. S3a), weakly specified to be sensitive to a half year (SONDJF, Fig. S3b), and

correctly specified as DJF (Fig. S3c). A weakly informative prior helps reduce uncertainties
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Figure 2.2: Demonstration of the proposed model with linear pseudoproxies. (a) The recon-
struction of weighted monthly log precipitation anomalies. The posterior mean reconstruction
is shown in purple, with shading for 90% credible intervals. The black line represents the
truth, which is obtained by applying the learned weights to monthly climate model output.
(b) The posterior mean (bars) of the learned weights for each month in the water year
(October - September), with error bars representing 90% credible intervals. A reference line
is drawn at height 1/12, which represents the uniform prior weights across months. (c¢) The
reconstruction of (purple) and true (black) DJF precipitation, which is transformed from the
original reconstruction target (log precipitation anomalies).

and aids with model identification, especially for parameters for months with small weights

(e.g. comparing Fig. S3a and Fig. S3c).

2.3.3 Case study: California blue oaks

Blue oak trees growing in Southern California have been successfully used to reconstruct
cool season precipitation [31, 34, 33, 35]. This prior information allows us to evaluate our
statistical model on a real proxy archive through the comparison of this expert knowledge
to the model’s estimate of the growth-determining season. In practice, this information
should be used to inform the prior distribution on the weights to improve the reconstruction,
but we utilize the weak uninformative uniform prior (wj,p+ = 1) in this case study to test

what the model learns from the data alone. For comparison, we also fit a baseline Bayesian
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Figure 2.3: Application of the proposed model to blue oaks. Similar to Figure 2.2, panel (a)
shows the posterior mean and 90% credible interval of the targeted weighted log precipitation
anomaly average in purple alongside instrumental weighted log precipitation anomalies in
black, panel (b) shows the posterior mean weights with 90% credible intervals, and panel (c)
shows the DJF reconstruction.

hierarchical model in Eqn. (2.1), pre-specifying DJF as the target season and including a
model discrepancy term. The model is trained using observed precipitation from 1950-2004,
and validated on 1895-1949. The resulting reconstruction from the proposed model is shown
in Figure 2.3 alongside instrumental precipitation. The DJF reconstruction skill matches
what we would expect from previous work [33]|, and is similar between the two methods
(posterior mean correlation of 0.75 and frequentist coverage of 0.94 for a nominal 0.9 level
in Figure 2.3c compared to correlation of 0.71 and coverage of 0.87 in SI Figure S4). The
estimation of the target season is noisy (all 90% credible intervals have widths larger than
0.1), but the cool season is still identified as the dominant growth-determining season, with
remaining months in the water year still contributing to the target reconstruction. This is

also consistent with expert findings.

22



2.4 Discussion

We propose a new climate reconstruction method which explicitly estimates the optimal
reconstruction season on monthly timescales. The advantage of the proposed model is its
ability to simultaneously (1) estimate the climate target for the reconstruction and (2)
separate uncertainty in growth-dominant season from other sources of noise in the final
reconstruction. Pseudoproxy experiments demonstrate that the impact of misspecified
seasonality can manifest in both decreased reconstruction skill and unreliable uncertainty
estimates (Figure 2.1), whereas our model can help avoid this class of misspecification error.
The separation of uncertainty enables the reconstruction of any annual climate aggregate
without having to fit a separate model to that particular season. These reconstructions may
still have widely varying degrees of skill, depending on the strength of the paleoclimate signal
in the proxies, but provide principled uncertainty quantification.

The model presented in this paper is relatively simple: we consider reconstruction of a
single climate variable at a single grid cell from a single proxy type (TRW) and assume a
linear climate-proxy relationship. The model’s simplicity allows for reconstruction and model
parameter estimation to be done simultaneously; however, the model could be extended
to multiproxy, spatially extensive, and nonlinear conditions. Multiproxy and climate field
reconstructions would benefit the most from the use of seasonally inferring models [11, 20],
especially when different proxy archives are sensitive to different seasonal windows, which is
often the case in tree-ring based studies in the Northern Hemisphere [60, 61, 62, 63]. Due to
the model’s ability to simultaneously learn a seasonal window and reconstruct annualized
climate targets, information about the desired reconstruction target season would be efficiently
shared between proxies depending on their seasonal SNRs. For instance, a tree-ring based
reconstruction of average Northern Hemisphere annual temperature could involve fitting the
proposed model at each proxy site: the learned weights would indicate the seasonal window
a proxy is sensitive to, and the model would simultaneously produce a reconstruction of

mean annual temperature that reflects the extent to which that seasonal window informs the
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annual average (a source of uncertainty for Northern Hemisphere summer sensitive terrestrial

proxies shown in Figure S6 of [11] and discussed in Section 3 of [20]).

Additionally, the reconstruction approach used here could be improved by using more
complex forward models [64, 57|. Linear forward models are convenient approximations,
but are unlikely to fully capture the climate-proxy relationship [65, 66]. Model discrepancy
terms (1) are added to our model to account for this approximation error, but better
representations of the proxy-climate relationship would decrease this model discrepancy and
improve reconstruction skill. The main challenges associated with the use of more complex
forward models are computational in nature; inverse models struggle with model identifiability,
particularly if reconstruction is done simultaneously alongside the calibration. Various
approaches to reducing the runtime of Bayesian models have been taken in the paleoclimate
context (e.g, [58, 39, 43, 21]), but efficient Bayesian computation for inverse problems is an
active area of research. Two strategies for improving runtime are the incorporation of prior
knowledge, and the separation the calibration and reconstruction tasks: fitting our model on
the calibration period alone produces a seasonal window estimate which can be used in any
yearly reconstruction model, as is commonly done in data assimilation-based reconstructions
[67, 23]|. Adapting our model to work alongside existing reconstruction approaches would
add uncertainty quantification to the calibration and estimation of a target season, which
represents a single step towards fully accounting for the many sources of uncertainties in
paleoclimate reconstructions needed to more accurately represent our understanding of climate

in the past |20, 4].

Analysis was done in R while models were fit using the probabilistic programming language
Stan. The R package prism was used to quickly access precipitation data from PRISM [68],
and the VSLiteR package was used to generate the VS-lite pseudoproxies [57]. The CESM1
Last Millenium Ensemble run used for the pseudoproxy experiments is available via the Earth
System Grid (https://earthsystemgrid.org), and the tree-ring width data is available

via the NCEI Paleo Data Search (https://www.ncei.noaa.gov/access/paleo-search/
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study/8558 and https://www.ncei.noaa.gov/access/paleo-search/study/8553). All
code necessary to reproduce these results (including more detailed data access information)

are available at https://github.com/nathanhwangbo/trw_seasonal_window.
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Chapter 3

Towards Principled Uncertainty
Quantification in Paleoclimate Spatial

Field Reconstructions

3.1 Introduction

The climate system is highly complex and includes processes which occur on varying spatial
and temporal scales. A perennial challenge in climate science is attempting to understand
these processes (and our effects on them) given an instrumental climate record which exists
only for the past century and a half. A longer record would allow for better quantification of
natural climate variability and the contextualization of current climate events in history. One
approach to this problem involves the use of natural archives which record climate (e.g. tree
ring widths and ice cores). Given that these archives (known as paleoclimate proxies) have
existed long before modern weather instruments, they can be used to extend the instrumental
climate record further into the past. The task of inferring a spatially complete record of past

climate from paleoclimate proxies is known as climate field reconstruction.

Paleoclimate data assimilation (PaleoDA) is an increasingly popular method of climate
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field reconstruction which has been used with great success in recent years (see [69] for
a review). Conceptually, this method uses the output of physics-based climate models to
produce a prior estimate of past climate, and treats proxy values as imperfect measurements
of the climate in a Kalman filter to update this background state. Offline PaleoDA is the
most common variant of this method, which uses the same background state at each time
point so that there is a single Kalman update (details in Section 3.3.1). Offline PaleoDA is
computationally quick, straightforward to implement, and can be used to simultaneously

estimate multiple climate fields over long timescales (e.g. [67, 70]).

Inferring climate from paleoclimate proxies comes with many challenges. These archives
are noisy recorders of their local climate (i.e the climate that the proxy experienced), as
proxy formation is also dependent on non-climatic sources of variability. The causal direction
of the proxy-climate relationship is that climate influences proxy formation, so that inferring
past climate requires the inversion of a forward model (that is, a model which estimates
proxy formation from climate). Furthermore, the forward model is often unknown and can
depend on multiple climate variables, so that special care must be taken to ensure that the
simultaneous estimation of the forward model and the inverse problem is well posed. In
addition, these archives are unevenly distributed over both time and space, so that climate
field reconstruction also includes the interpolation of climate information to spatial locations
which have no proxy measurements at varying points in time. Ideally, methods for climate
field reconstruction should be able to account for each of these uncertainties. In this work, a
series of Bayesian hierarchical models (BHM) are used to examine these sources of uncertainty
in climate field reconstruction and understand how the assumptions PaleoDA makes about

how these sources impact the reconstruction.

BHMs have been used previously for climate field reconstruction (e.g. [71, 39, 72, 73]),
though not nearly as frequently as data assimilation. These models are “hierarchical” in
the sense that they stack multiple estimation problems on top of one another, resulting in

a reconstruction which integrates uncertainty from each layer in the hierarchy (see [27, 5]
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for a review of the Bayesian statistical framing of paleoclimate reconstruction). As we will
discuss, this approach shares much in common with PaleoDA, but is more flexible and more
naturally quantifies uncertainty. These theoretical benefits come at the cost of increased
computational burden and difficulty with model identifiability, especially when the number
of learned parameters is very large relative to the amount of available information. These
challenges are often prohibitive for large reconstruction projects and largely explain the

preference in the literature towards PaleoDA for climate field reconstruction.

In this work, we bridge the gap between PaleoDA and BHM, using a series of BHMs
to evaluate modeling assumptions and their tradeoffs with computational tractability. We
demonstrate these techniques on reconstructions of surface temperature in the Common Era,
but the ideas discussed here generalize to other reconstruction contexts. In Section 3.3.1, we
write the statistical model underlying PaleoDA as an estimator of the posterior mean and
variance of a probabilistic reconstruction model. We note that the primary computational
gains of this approach come from the use of a fixed spatial covariance matrix, and show
that similar gains can be accomplished in a BHM by similarly specifying the covariance
matrix. In Section 3.3.2, we extend the underlying PaleoDA model to a hierarchical Bayesian
model which simultaneously learns the calibration parameters alongside the reconstruction.
This model is used to highlight the challenge of propagating calibration uncertainty to the
reconstruction. In Section 3.3.3, we extend the statistical model further to learn spatial
covariance in addition to the calibration parameters, and connect this model to BARCAST,
a fully Bayesian model for climate field reconstruction |71, 39]. Pseudoproxy experiments
are developed to determine the extent to which proxies can learn spatial covariance, and
to compare covariance parameterizations. In Section 3.3.4, special attention is paid to the
reconstruction of a spatial mean, which is often the quantity of interest in climate field
reconstruction studies. We propose several model simplifications that can speed up a BHM
when the large-scale mean is the only desired estimand. We demonstrate these techniques

by producing reconstructions of temperature in the Common Era, using tree ring widths
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(TRW) as the sole paleoclimate proxy type. Broadly, we argue that BHMs and PaleoDA
are mutually beneficial: assumptions underlying PaleoDA can be used to simplify and speed
up BHMs, and Bayesian inference can be used to test the sensitivity of reconstructions to

PaleoDA assumptions when a BHM is impractically slow.

3.2 Data and Methods

The first member of the 2° spatial resolution CESM1 LAST Millennium Ensemble temperature
and precipitation products are used for all pseudoproxy experiments [30]. NASA GISTEMP
GHCNv4 Temperature 2.5° product is used for instrumental temperature measurements |74,
75|, and is re-gridded to match the CESM1 coordinates using bilinear interpolation. Only
the North American Southwest (defined as land-centered gridcells between 124-105E and
32-45N) between the years 1600-2003 are used in the experiments. In all experiments, the
years 1950-2003 are used for calibration, so that instrumental (or climate model output)
temperature are inputs to the statistical model, while the years 1600-1949 are the years
targeted for reconstruction. To mimic the spatial sparsity of proxy data in context of the
desired field reconstruction, pseudoproxies are generated for the full period 1600-2003 in
11 of the 52 randomly selected CESM gridcells in the North American Southwest, so that
20% of the modeled gridcells are informed by proxies (see Figure 3.2(a) for a map of which
gridcells are used). Simple pseudoproxies (denoted Y') are constructed using a linear model
of standardized temperature (i.e. mean zero and standard deviation 1 over the entire period

1600-2003, denoted X) as follows:

Y, = Bo + 51 X + &
iid 12
~ N[0, —

“ (’0.75)’

with location-specific §y and (3, generated uniformly between 0 and 3, and with location-

specific white noise ¢;, whose variance is chosen so that the proxies have a signal-to-noise
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ratio of 0.75, which mimic relatively high quality proxies [28|. These pseudoproxies are used
for all experiments outside of 3.3.2, which instead uses pseudoproxies based on VS-Lite, a
simple biologically motivated model for tree ring growth [55]. The four primary inputs for
VS-Lite are the minimum and maximum temperature / soil moisture values required for
growth, which are chosen at each location to be equal to the 5th and 100th percentiles for
temperature, and the 0 and 10th percentile for leaky bucket [56] derived soil moisture. These
quantiles are chosen alongside a strong signal-to-noise ratio of 2 to exaggerate the nonlinear
climate-proxy relationships that can arise from VS-Lite (Figure 3.2(b)).

PAGES2K TRW chronologies within the North American Southwest are used for the case
studies [11]. This left 22 chronologies which inform 13 of the 52 GISTEMP gridcells (Figure
3.1). 16 sites were classified by PAGES2K as being sensitive to JJA mean temperature, while
the other 6 sites were classified as being sensitive to annual mean temperature. All but one
chronology captures the period 1600-1983; fewer are available during the remainder of the

calibration period, with only 2 chronologies extending to 2003 (Appendix Figure B.1).

3.3 Statistical Models

PaleoDA and all Bayesian models considered here can be written as extensions of the following
probabilistic model: Let Y; ;; € R denote the i-th proxy record at year ¢ and spatial location
s, alongside climate variable X; s € R. Let X; 1= (Xys,, . .. ,Xt,sns) € R™ denote the desired
spatial grid of temperature at time ¢ (which contains ng gridcells). For simplicity, we will
consider a single proxy type (tree ring widths), and a single climate variable (temperature)
in this work. Note that climate field reconstructions typically model proxies at the site level,
so that ¢ > 1 only in the case when multiple proxy sites are located within the same gridcell.

Then an initial probabilistic model can informally be written as:

Yisil Xt ~ N(Bosi + B1.:X1.s,07), for all (¢,s) with proxy values (3.1)

i
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Figure 3.1: Subset of PAGES2K TRW database used for case study. Locations of each
TRW chronology is represented by a red point, with the gray boxes representing the gridcells
where temperature will be reconstructed. Each chronology is assumed to be sensitive to the
temperature in the gridcell which contains it.

X ~ N, (1, B), for all years t

Bo, B1, and JZ are scalars which make up the linear forward model, mapping temperature
to TRWs. u € R™ is a spatial vector representing the mean state of temperature with

XNg

corresponding covariance matrix B € R"s Note that this presentation of the model
abstracts the spatiotemporal availability of each variable: for the experiments in this paper,
t is chosen to span the years 1600-2003, but instrumental temperature measurements X,
are only available for the most recent set of observations (e.g. 1880-2017, in the case of
the GISTEMP product). The reconstruction task, then, is to infer X, for ¢ ranging from
1600-2017. On the other hand, at least one TRW chronology is present at each year between
1600-2003, but not necessarily at each gridcell, as each chronology starts and ends at different
points in time (Figure B.1). Conceptually, the model can be thought of in two steps: first,

TRWs Y, ; which are temporally rich but spatially sparse are used to estimate their local
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climate X, at all time points prior to the instrumental record (e.g. 1880). Second, this local
estimation is spread out spatially to estimate a full spatial field X;. All of the statistical
models discussed below are connected to this initial model, with the differences being choices
in which parameters are learned vs fixed, how the model is estimated, and modifications to

the functional form of the climate-proxy relationship.

3.3.1 Offline Paleoclimate Data Assimilation

Of the methods discussed here, PaleoDA is distinct in that it heavily utilizes the assumptions
of the model in Eqn. (3.1), using the fact that the conjugacy of the normal distribution
implies that the posterior distribution X|Y will be normally distributed, that a normal
distribution is completely specified by its mean and covariance, and that the proxy-climate
relationship is assumed to be linear. These assumptions allow us to analytically determine
the posterior distribution X|Y', and estimate the distribution by only estimating the posterior

mean and covariance.

To start, we can rewrite the first line of 3.1 following [76] with sight notational abuse
as Y| Xy ~ anp(t)(H Xt,l:ns,,@)v R), where n,, ) denotes the number of gridcells which are
informed by proxy observations at time ¢, and Xt71:nsp(t> represents the subset of X; which
matches the spatial availability of Y; as well as a column of ones for the regression intercept.
H contains the regression coefficients (5, /1) mapping between proxy and climate, and R
is the diagonal matrix containing o? along the diagonal.

If u, H, R, and B are fixed, then through Bayes’ theorem, the posterior distribution X;|Y;

can be straightforwardly expressed as:

Xe|Yy ~ Ny (u+ K(Yy — Hp), (I — KH)B), where (3.2)

K=BH"(HBH" + R)™*

32



Offline PaleoDA estimates the posterior mean and covariance of Eqn. (3.2) through what
can be thought of as a single-step ensemble Kalman filter, which is sufficient to characterize
the posterior distribution due to its normality. This single step involves sampling a series
of background states (denoted XPr°"/) and using proxy data at each time Y; to obtain an
estimate of the climate at time ¢ (denoted X}’ 7 which can be thought of as approximate
samples from X;|Y;, XPriont XPriorm) - These models are “offline” in the sense that the
update equation can be computed in parallel through time, as there is no temporal dependence
between updates built into the method — rather, all temporal persistence must propagate
from the proxy data itself. PaleoDA fixes H and R, often using the least squares estimates
over the time period where X; and Y; overlap (e.g. [23]). Offline PaleoDA most commonly

uses an Ensemble Kalman Filter [77, 78], where the basic algorithm is as follows:

1. Obtain XPrient  xprionm ¢ Res by randomly sampling m years from climate model

output (CESM1 Last Millennium run in this example)

2. Generate “pseudoproxy” samples YPrionl —yPrionm vig the forward model, YPrord .=
HXPriond 4 ePriond  where P10 ~ N(0, R) are independent draws using specified

covariance matrix R (j =1,2,...,m)

3. Estimate K via K = Cov(XPrior, yprior)Coy(Yprior yprien)=1 where Cov(-,-) denotes
the sample covariance matrix across the m samples. Note that @(X prior Y/prior) is a
sample estimate of BH " while (To\v(f/prior, YPrior) s a sample estimate of HBH ' + R,

where B represents the spatial covariance matrix of the prior distribution P(X?"").

4. For each year ¢: update each prior sample via X := XPriond 4 K (Y, — YPriord)  where

Y, represents the observed proxy at time t.

5. Treat X', ..., X*™ as samples from the posterior distribution X;|Y;, i.e. using the
sample mean as a point reconstruction and using the ensemble spread as a measure of

uncertainty.
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We note that the procedure most commonly used in PaleoDA is a variation of the above
algorithm known as the ensemble square root Kalman filter [79]. The addition of noise
ePriond ~ N(0, R) to the pseudoproxies in step 2 is used to obtain an unbiased estimator
of the posterior covariance, but adds sampling noise to the analysis. The ensemble square
root Kalman filter updates the ensemble mean separately from deviations from the mean. A
modified Kalman gain matrix, K := BH' (VHBHT + R)™ )T (VHBHT + R++vR) ™), is
estimated for the deviations, which allows for unbiased covariance estimation without adding

noise eP0I whilestillconverginginthelargeensemblelimit[80).

Assuming that the climate model distribution is well described by a normal distribution
with fixed mean and covariance, the ensemble of X', ..., X*™ can be considered samples
(albiet, biased samples) from the posterior distribution (3.1), which can be formalized through
the connection to a sequential Monte Carlo sampler using equal weights. Adapting the
presentation of [81] to the paleoclimate data assimilation algorithm reveals the following:
if XPiord js a draw from the climate model temperature distribution P(XP"°"), then a

general importance sampler for the prior distribution can be approximated as P(X prior) —
D ity O(XPriend)yPriend where §(-) is the Dirac delta function. EnKF simplifies this by

assuming that wP™/ = L so that P(Xprior) — & 2T 6(XPrend). Then by the linearity
of the forward model (H) and the normality of the likelihood P(Y|X), it follows that
pushing these prior samples through the forward model gives us an estimate of the likelihood,
P(y|xpriont | xprionm) — L ST O(HXPriond 4 ebriond) = L 3T §(YPrion d) Because this
distribution is assumed to be normal, it can be fully characterized by its mean and variance.
Therefore, through conjugacy of the normal distribution, the sample mean and covariance of
g can be pushed through the Kalman filter update to get samples from X|Y. This connection
highlights two properties of PaleoDA: first, the assumptions of both normality and linearity

are necessary for these procedures to produce approximate samples of Model (3.1) (also shown

empirically in [82]), and second, that even if those assumptions are met, these procedures do

1

not produce unbiased samples from the posterior distribution, as they use uniform -- weights.
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Unbiased sampling would instead require the use of importance sampling weights, which in
this case, should be proportional to the likelihood due to the use of the prior distribution
to generate samples. As a result of this sampling bias, it is unclear how well the PaleoDA
posterior ensemble spread captures reconstruction uncertainty.

We emphasize that in PaleoDA, instrumental climate observations are not used in the
update equations 1-5, and are primarily used to help with the calibration (i.e. learning H
and R). Instead, the output of climate models is used as the prior climate distribution, so
that the spatial covariance of the reconstruction is driven by the dynamics of the climate
model(s) used. In addition, the spread in the PaleoDA posterior ensemble depends only
on the observed proxy information insofar as the observations are used to inform R (e.g.
Theorem 7.2 of [83]). This suggests that understanding uncertainty in the estimation of H
and R (which are considered fixed in the Kalman update) is crucial for the interpretation
of the posterior spread of PaleoDA. In the following, we use pseudoproxy experiments to
address these uncertainties. To this end, we will use a Markov Chain Monte Carlo (MCMC)
sampler, a more flexible sampling technique than the ensemble Kalman filter which is able
to obtain samples from the posterior distribution of extensions of Model (3.1) which jointly

model the distribution of all random quantities.

3.3.2 Uncertainty due to the climate-proxy relationships

PaleoDA assumes that the relationship between proxy and climate is linear, an assumption
fundamental to Kalman filters. When this relationship is learned from observational data,
existing reconstruction methods either use this assumption directly by fitting a linear model
inferring proxies from climate (using proxy records which coincide in time with instrumental
climate observations) then using a point estimate of these parameters in the reconstruction
model (e.g. [67, 23|), or by using fitting more complex biologically motivated models (known
as proxy system models [84]]), which are then linearized, with point estimates then used in

the reconstruction model [70]. As such, the climate reconstruction produced are conditioned

35



on fixed values of calibration parameters. Paleoclimate proxies are generally noisy recorders
of climate, and the calibration parameters H and R have substantial estimation error [29].
Particular care is given to the residual covariance R, which is either fixed at point estimates
from the linear regression calibration values (e.g. [23]|) or manually calibrated, using multiple
choices for R to assess their impact on the reconstruction [85, 73, 86]. A comparison of offline
DA results using a linear forward model and the correctly specified (non-linear) forward
model has been done in pseudoproxies experiments [87|, which finds that the extent to
which using correctly specified non-linear forward models performs better than using a linear
approximation (in terms of mean reconstruction skill) depends on the proxy type, identifying
an increase in reconstruction skill for tree ring widths. This result is despite the fact that
the theoretical underpinnings of DA rely on the linearity of the forward model, so that there
are no strong theoretical guarantees on a DA based reconstruction using a nonlinear forward

model.

While significant progress has been made on the front of developing better forward models
(e.g. [55, 88, 21, 89|), progress on this problem is a monumental task due to the complexities
involved with modeling each of the many proxy types (e.g. modeling proxy measurement
uncertainty, aging uncertainty, on top of uncertainty in the climate-proxy relationship itself).
Here, we develop pseudoproxy experiments to evaluate the impact of using a misspecified
linear model on reconstruction uncertainty. To begin, we consider the initial probabilistic
reformulation of PDA described in Eqn. (3.1) but treat 8y, 81, and ¢ as parameters to be
estimated (prior distributions for these parameters are specified in Appendix Section B.1. To
estimate this model, we replace the PaleoDA algorithm with an MCMC sampler which is
able to jointly estimate these parameters alongside the reconstruction. To isolate the impact
of calibration uncertainty in this model, we fix the climate prior parameters p and B to be
the sample mean and covariance of our climate model output (the first member of CESM

Last Millennium Ensemble).

To assess the impact of this form of model misspecification, we fit the model on VS-Lite
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based pseudoproxies [55] which are constructed to exhibit a nonlinear relationship between
TRW and temperature 3.2(b). This setup guarantees that the model (3.1) uses an incorrectly
specified forward model. One challenge associated with learning an incorrectly specified
forward model jointly with the reconstruction is that with sufficient data, the model will
learn the “best fitting line” with very little uncertainty, so that the posterior variance of the
linear model parameters will not match the uncertainty in the calibration procedure [54].
The resulting reconstruction from a misspecified model will tend to be overconfident in its
predictions. Fitting a correctly specified BHM which uses VS-Lite as the forward model [57]
for comparison would not permit us to test the impacts of model misspecification, so we
instead opt to test an extension of model (3.1) which adds a zero mean time-varying model
discrepancy term which accounts for the bias due to model misspecification. This extension

can be written as follows (full model specification in Appendix Section B.1):

YisilXes ~ N(Boi + B1iXes + i, 012), for all (¢, s) with proxy values (3.3)
X; ~ Ny, (1, B), for all years t

n ~ N(0, 03]), for all years t with proxy values

Without the model discrepancy term, the posterior variance of the reconstruction tends to
be too small. On average (across gridcells), the 90% credible intervals of the reconstruction
contained only 67% of the out of sample years. (Figure 3.3(c)). If the model were to have
correct frequentist coverage, then we would expect the 90% credible interval to contain 90% of
the out of sample years. Adding in the model discrepancy term improves this coverage to an
average of 79% (Figure 3.3(d)). Even with the addition of this model discrepancy term, the
reconstruction tends to be overconfident, which comes from two sources. First, the addition of
the model discrepancy term led to improved coverage in 80% of the 52 gridcells, and improved

coverage in all 11 of the gridcells which contain proxy data. This result is unsurprising, as the
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Figure 3.2: Pseudoproxy experiment setup. (a) The grid represents the spatial domain used
for all pseudoproxy experiments, with yellow cells representing locations where pseudoproxies
are generated. (b) An example of one such pseudoproxy used in a VS-Lite based PPE. Each
point represents a different year, with the simulated TRW on the vertical axis and JJA mean
temperature on the horizontal axis.

model discrepancy term should have the most immediate impact on gridcells which contain
proxy data, rather than relying on the prior spatial covariance to obtain a reconstruction.
This suggests that the sparse spatial availability of the proxies limits the influence of the
model discrepancy term. The other source of undercoverage comes from the use of a single
1; shared across space, which does not allow for model discrepancy to be fully captured
by the model. Ideally, each proxy location should have its own model discrepancy term to
account for the varying degrees of misspecification. However, in order for a spatial n; to be
identifiable, there must be multiple proxies at each location. The experiments shown here
mimic the common setup where chronologies (rather than individual proxy measurements)
are used for the reconstruction, so that there are too few observations to learn a spatially
varying 1;. However, reconstructions which model individual proxies instead of preprocessed

chronologies would allow for such a term to be learned and for model discrepancy to be more
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fully accounted for. The model discrepancy term generally decreases the skill of the posterior
mean, measured here as the correlation between the posterior mean and the true climate
model output temperature over the out-of-sample years 1600-1949 (comparing Figure 3.3(a)
and (b)). The posterior mean reconstruction typically has compressed variance compared to
the truth [71], and the model discrepancy term further acts to flatten the posterior mean in
order to obtain the correct coverage. The extent to which this is true will depend on the
degree of model misspecification (note that the experiment here constructs pseudoproxies

which exaggerate model discrepancy).
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Figure 3.3: Out of sample (1600-1950) evaluation of an idealistic PPE (SNR = 2) looking at
the impact of modeling the proxy-climate relationship. The top row shows the gridcell-by-
gridcell correlation between the posterior mean reconstruction and the truth (i.e. climate
model output), while the bottom row shows the frequentist 90% coverage over this period.
The columns show the output of Bayesian models which learn the calibration alongside the
reconstruction, including (right) and excluding (left) a model discrepancy term.
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3.3.3 Uncertainty due to spatial covariance model

Another key modeling choice central to PaleoDA is the use of climate model output to
obtain the "background" (i.e. prior) climate state. While there have been multiple methods
proposed to obtain a background state from a climate model [90], we consider the simple case
where temperature fields from randomly sampled years of the climate models are used to
calculate a sample mean and covariance to estimate the Kalman gain (denoted K above), and
the same samples are updated using the observed proxy data to obtain the reconstruction
(denoted Y; — y prior.j above). The use of climate model output to obtain a prior covariance
is of particular interest, given that it does not make use of any instrumental or proxy
observations. The decision to use a fixed covariance matrix is a rather strong assumption, but
if reasonable, can considerably speed up common computational bottlenecks in BHMs. The
natural statistical alternative to this approach given model (3.1) involves learning a covariance
matrix using some combination of the instrumental and proxy observations, often specifying
some functional form for the covariance. However, methods for learning covariance matrices
from a normal model can be prohibitively slow on large domains, as the likelihood evaluation
requires the inversion of the covariance matrix, an operation which scales cubically with the
number of gridcells computationally and quadratically in memory. This operation must be
done for each iteration of a MCMC sampler, making MCMC-based methods for paleoclimate
reconstruction (like the BHMs shown here) orders of magnitude slower than approximate
methods like PaleoDA. Furthermore, even if computation was not a problem, it is possible
that using climate model sample covariance might illustrate better climate dynamics than a
highly structured learned matrix (e.g. the squared exponential covariance). Timescale, the
climate variable of interest, and the spatial domain are all important factors determining
the importance of the covariance matrix. For reconstructions of the deep past, the true
spatial covariance structure has undoubtedly changed in drastic ways such that any choice of
a fixed, stationary covariance matrix is inappropriate. Different climate variables operate

on widely varying spatial scales with varying degrees of temporal persistence, so that the
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appropriateness of parametric assumptions on learned covariance matrices will be application
specific. To begin to understand the implication of this modeling choice of PaleoDA, we
consider the following questions in the context of small-scale temperature reconstructions of

the Common Era:

1. To what extent can spatial covariance be learned from proxies?

2. If we choose to learn the spatial covariance from data, how much does the assumed

parametric structure of the covariance matrix change the resulting reconstruction?

Learning spatial covariance from proxies

One defining characteristic of the PaleoDA approach is that spatial covariance is not learned
by instrumental or proxy observations. Instead, information about how temperature varies
over space is taken from the output of a climate model. In contrast, BHMs which learn a
covariance matrix do so by assuming stationarity in time, which allows both the observed
instrumental temperature data and the inferred temperature from the proxy values to inform
spatial covariance. The extent to which these methods are preferable to the PaleoDA approach
depend on the relative contributions of the proxy data to the learned covariance. If the proxy
records are too noisy and spatially sparse to inform spatial covariance, then the computational
savings associated with the PaleoDA approach are a reasonable simplification. On the other
hand, if proxy records can meaningly constrain spatial covariance, then BHMs should be
developed which learn spatial covariance, with parameterizations which allow for changes
through time. To disentangle the relative influences of instrumental record and proxy records

on learned spatial covariance matrices, we construct the following pseudoproxy experiment:

1. At each grid cell from the first member of CESM1 LME, standardize the JJA average
temperature such that each time series has mean zero and unit variance in both the

reconstruction period (1600-1949) and the calibration period (1950-2003).
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2. In the reconstruction period, “mislabel” the locations of each standardized temperature

time series, randomly permuting this segment of the time series across spatial locations.

3. Construct linear pseudoproxies from these new time series, following the experimental

procedure described in Section 3.2 (e.g. using 11 gridcells).

The spatial covariance of the temperature field underlying the pseudoproxy construction
follows that of the original climate model output temperature data during the calibration
period (where the statistical model is given access to “instrumental” temperatures), but
temperature has a very different covariance structure in the reconstruction period (where
the statistical model is not given access to “instrumental” temperature), as the locations are
randomly permuted (Figure 3.4 (b) and (c)). The BHM with model discrepancy term in Eqn.
(3.3) can be further extended to learn the spatial covariance matrix by adding another layer

to the hierarchy:

YisilXes ~ N(Boi + B1,iXes + i, 012), for all (¢, s) with proxy values (3.4)
Xi ~ Ny, (1, B), for all years ¢

n: ~ N(0, 03), for all years t with proxy values

2 [[s1—s2]|” : :
0 exp (— 502 L]
51,52

oL+ T =17,

where || - || refers to geodesic distance. The scale o,, the lengthscale p (determining
the smoothness of the spatial decay), and the nugget effect 7 are all parameters learned in
the model. This new layer specifies a squared exponential covariance matrix which is both
stationary in space and time — that is, the spatial covariance of temperature is assumed
to be the same at all time points, and the covariance between two points depends only on

spatial distance between the two, regardless of their absolute positions. The assumption of
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temporal stationary of the covariance structure is purposefully misspecified in this experiment,
since the pseudoproxies were constructed to experience two distinctly different covariances
between the instrumental and reconstruction periods. This magnitude of the difference in
the covariance is unrealistic, but allows us to clearly test whether it is possible to learn
covariance information from the proxies. This model is fit on this pseudoproxy data, and the
posterior mean covariance matrix is then converted to a correlation matrix and compared to
the spatial correlation matrix of the CESM LME temperature run before and after shuffling
(Figure 3.4). Note that there are 53 years in the calibration compared to 349 years in the
reconstruction, so that if proxies were perfect recorders of temperature, and if proxies were
available at each gridcell, then we would expect the learned covariance matrix to more
closely resemble the reconstruction covariance (Figure 3.4 panel (b)) than the calibration
(panel (c)). However, the proxies are both noisy recorders of climate and sparsely spatially
available (11 of the 52 gridcells). As a result, the learned posterior mean is more informed
by the instrumental temperature observations than proxies (Frobenius distances between
the posterior mean correlation matrix are 245 and 98, for the reconstruction and calibration
periods, respectively). To test whether the proxies have any influence on the covariance matrix,
we compare these results to another experiment where locations are not shuffled between the
instrumental and reconstruction periods. In this experiment, the learned covariance matrix
yields an even closer fit to the instrumental covariance, indicating that the pseudoproxies

exert weak influence on the covariance matrix (comparing Figure 3.4(c) to Figure 3.5(c)).

Learned spatial covariance parametrization

In the above experiment, the pseudoproxies experience a dramatic structural shift in spatial
covariance structure that is not present in the instrumental data. While useful for assessing
the model’s ability to learn from the proxies alone, a structured parametrized covariance
matrix like the squared exponential is unlikely to be able to learn such a change. The

ability of a model to represent large shifts would be useful for paleoclimate reconstruction
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Figure 3.4: PPE learning covariance from proxies which experience different spatial covariance
in the reconstruction and calibration periods. (a) The learned posterior mean spatial
correlation matrix of temperature using a squared exponential parametrization. (b) The
sample temperature correlation matrix in the reconstruction period (i.e., with shuffled location
labels) (c¢) The sample temperature correlation matrix in the calibration period (i.e., with

correct location labels). The subtitles report the Frobenius distances to the learned posterior
mean correlation matrix in panel (a).

in deep time, which has experienced such changes in covariance. It is possible that a more
flexible covariance parametrization would be more capable of inferring changes in spatial
covariance from the proxies. Here, we consider a Lewandowski-Kurowicka-Joe (LKJ) prior on
the correlation matrix [91] and independent diffuse half-normal distributions for the variances,

a popular covariance model which decomposes covariance into correlations and scale [92].
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The LKJ prior is parameterized with shape parameter set to 0.5, which weakly encodes the
prior knowledge that temperatures are expected to be correlated in space. We assess the
feasibility of this flexible parameterization in the standard pseudoproxy setup (i.e., without
any spatial shuffling). Comparing this parameterization to the squared exponential kernel in
the model described in Eqn. 3.4, we find that the more flexible parameterization is unable to
learn the covariance matrix, instead staying near the prior of a uniform correlation matrix
(Figure 3.5 (b)). For the use case presented here (mean JJA temperature fields in the North
American Southwest), the squared exponential parameterization is a suitable model, adding
considerable computational speedup on top of a better model fit (comparing Figure 3.5 (b)
and (c)). The appropriateness of this structural assumption will depend heavily on the
variable of interest, the spatial region, and the spatial resolution of the data. Experiments like
the one shown here are in the Bayesian context are an important step of validating different

covariance parametrizations, when the spatial covariance is chosen to be learned from data.

Linking PaleoDA to existing BHMs

Perhaps the most popular climate field reconstruction technique which properly samples from
a posterior distribution is BARCAST |71, 39|, which has been studied in pseudoproxies |93,

94, 41] as well as in observations [72, 95, 96]. BARCAST can be informally written as follows:

(X1 — )| Xy ~ N(a(X; — p), By), for all years t
Yi| Xy ~ N(Bo + 51X, 05), for years when proxy data Y; is available

)N(t|Xt ~ N(X,,7?), for years when instrumental temperature X, is available

51 — 2
By, s, = 0 €xp {T/}Z

In comparison to the model (3.4), an autoregressive coefficient(1) term is added to the
temperature field, instrumental measurement noise is added in place of the nugget effect 7,

but the proxy-climate relationship is assumed to be the same for all proxies (i.e. Sy, 51, O‘Z are
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Figure 3.5: PPE learning covariance from proxies. (a) The sample spatial temperature
correlation matrix from climate model output. (b) The learned posterior mean correlation
matrix using an LKJ(0.5) prior, and (c) a squared exponential covariance function prior. The
subtitles report the Frobenius distance between the posterior mean covariance matrix and
the true covariance matrix.
the same for all proxies), and no model discrepancy term is included. Similar to the previous
BHMSs but in contrast to PaleoDA, all parameters (H, B, R, 1) are simultaneously estimated
using instrumental temperatures and proxy data.

In our implementation of the model, we omit the instrumental measurement noise variance,
instead fixing it at the value 0.015 for the pseudoproxy experiments (a value within the range

of estimated measurement error in the original paper). Because we use a single temperature

product (and therefore do not have repeated instrumental measurements of temperature at
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any year t), the identification of the instrumental measurement error variance 72 and the
latent time series X; relies heavily on proxies with overlap with the instrumental period,
requiring the inverse model to produce “repeated measurements” of X; which are of sufficiently
high quality. When the proxies are noisy and the forward model is uncertain (especially in
the presence of model discrepancy), the model is unable to distinguish the measurement error
72 from variability in latent X, due to uncertainty in inversion of the forward model. In
general, instrumental measurement error will be best learned using multiple instrumental

products in the analysis to obtain true repeated observations.

The addition of the autoregressive term a marks a conceptual change from the previously
discussed models, in that BARCAST explicitly models a temporal process for temperature.
BARCAST is therefore able to better propagate uncertainty through time, allowing the
posterior reconstructions to better be thought of as trajectories [97]. Again, we note that in
the usual context of the uncertain inversion of noisy proxies, the identifiability of o depends
on the instrumental record rather than from temperature inferred from the proxies. We

consider a BHM which combines BARCAST with model 3.4:

YisilXes ~ N(Boi + B1,iXes + i, o?), for all (¢, s) with proxy values (3.5)
(Xeir = WX, ~ N (X, — 1), By), for all years ¢
Xt|Xt ~ N(X,,1?), for years when instrumental temperature X, is available

ne ~ N (0, 0,27), for all years t with proxy values

51— so|?
le,sg = O'i exp {TpQ

This model modifies BARCAST by making the calibration proxy-specific, adding a model
discrepancy term, and using user-selected measurement error variance 72 (note that this
measurement error term can be omitted and replaced with the nugget effect of model (3.4) to

ensure that the resulting covariance matrix is positive definite). This model, BARCAST, and
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all other models discussed in Section 3.3.3 learn spatial covariance from both the instrumental
record and proxy data, making them much slower computationally than methods which
use a fixed spatial covariance. Improving spatial covariance specification can be especially
important for the reconstruction of a spatial mean, which is very often a target of paleoclimate
reconstructions. In the simplest case, the spatial mean is estimated by averaging posterior
estimates from the entire field. Given the sparsity of paleoclimate proxies in space, the spatial
covariance specification is critical for the infilling of the reconstruction in gridcells without
proxy data. In our pseudoproxy experiments, a reconstruction of the spatial mean from
model (3.3) using covariance fixed at the sample instrumental record covariance tends to be
overconfident compared to model (3.5) which learns a squared exponential spatial covariance

matrix (90% frequentist coverage of 0.82 in Figure 3.6(a) compared to 0.91 in panel (b)).
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Figure 3.6: PPE spatial mean reconstruction of JJA mean temperature using a Bayeisan
model which fixes covariance at the sample instrumental mean (top), and one that learns
covariance from the data, using a modified BARCAST model (bottom). The posterior mean
(colored lines) and 90% credible intervals are shown, alongside the true climate model run
spatial mean.
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Case Study using PAGES2K TRW in the American Southwest

The model (3.5) is also assessed with real tree ring width chronologies from the PAGES2K
proxy database [11], limiting the proxies to match the same study region as the pseudoproxy
experiments (details in Section 3.2). The posterior mean reconstruction skill, measured by
correlation over the out-of-sample period 1880-1949, varies between gridcells, ranging between
0.21 and 0.53 (Figure 3.7(a)). The gridcells with lowest correlation are in the northwest
quadrant of the region, where there are no proxy observations (comparing Figure 3.1 and
3.7(a)). This result is unsurprising, demonstrating that reconstruction skill will tend to be
best in gridcells which are directly informed by proxy observations, rather than relying on
the learned spatial covariance to obtain a reconstruction. The 90% credible intervals cover
between 67% and 0.95% of out of sample years depending on the gridcell, with an average
of 82% (Figure 3.7(b)). This tendency for individual gridcells to have coverage lower than
the nominal rate is likely due to forward models which are not sufficiently flexible. Most
gridboxes are informed by only a single proxy chronology (Figure 3.1), so that the model
discrepancy term is learned by assuming that the model discrepancy is the same at all gridcells.
As a result, uncertainty in the forward model is not being able to fully propagate back to
reconstruction. The posterior draws of the gridded reconstruction are also averaged to obtain
a time series reconstruction of the spatial mean. The posterior mean has with a correlation
of 0.50 with the true spatial average over the out-of-sample evaluation years (1880-1950), but
has noticeably damped variance compared to the true spatial average (3.7(c)). The shrinkage
of the posterior mean towards zero is unsurprising, and is a characteristic shared by BHMs
for climate field reconstruction [71]. The credible interval has the correct nominal coverage

over the out of sample period, containing 90% of the true out of sample years.

3.3.4 Large-scale average reconstruction

Large-scale spatial averages are often the quantity of interest in a climate field reconstruction

and are worth special consideration as an estimand. In particular, global and hemispheric
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Figure 3.7: North American Southwest reconstruction summary using PAGES2k tree ring
width chronologies. Maps of per-gridecell (a) correlation and (b) 90% frequentist coverage
between the posterior mean reconstruction and GISTEMP instrumental surface temperature
across all out-of-sample years with instrumental surface temperature (1880-1949), alongside
(c) the spatial mean reconstruction

reconstructions of the Common Era have both been the subject of much research interest
[20]. As previously discussed, the estimation of a spatial mean is complicated by the fact
that proxy observations are typically only available in a small fraction of the available grid
cells, requiring a spatial covariance matrix to spread out the local information learned from
proxies to the rest of the spatial field. This problem of estimating spatial averages from
spatially incomplete data is nontrivial even when instrumental observations are available,
and is known to be sensitive to the choice of spatial covariance [98]. One common approach
is to fill in missing values of the grid and then calculate an average on the spatially complete
field. This approach is natural in the context of a climate field reconstruction: given a
gridded probabilistic climate field reconstruction, the posterior distribution of the simple
(i.e. ignoring area-weighting) spatial mean can be estimated by averaging each posterior

draw of the climate field, i.e. spatial meangm) = nls >y Xt(;n) for each posterior sample m.
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Given that proxies provide limited information about spatial covariance (Section 3.3.3) and
that learning covariance is the main computational bottleneck of BHMs for climate field
reconstruction, it is worthwhile to consider modifications to the BHMs which avoid having to
learn spatial covariance when the spatial mean is the sole estimand of interest. The most
natural approach makes use of the normality assumption on the temperature field, using
the well-known property that subsets of a multivariate normal vector are also normal after
conditioning on the complement. That is, if the temperature field at time ¢ is reorganized
and decomposed as X; = (Xt,lznslaXt,(nlerl):ns) with Xy 10, s Xt,(ns, +1):n, € R*~ denoting

temperature at the subset of gridcells with and without observed proxy data, then

X, (noy +1)ma| Xt g, ~ N(fng, +1)im. + By B! (Xt 1ina, = Mimg, ), Bz — By Bii'Biz), (3.6)

where Bj; and Bas represent the principle submatrices corresponding to Xt 1ins, and Xt (nay +1)mas
Bi5 and Bs; represent the corresponding off-diagonal blocks, and H(ns, +1)ms and P, TEPLE-
sent the corresponding subsets of ;. A simplified BHM can be used to reconstruct temperatures

at locations for which proxy data is available (Xm;ns1 and ,uMSl), and posterior draws of

these parameters can be plugged into the above equation alongside fixed B and fi(n, +1)m, t0

generate posterior samples of X (,, 11):n, from model (3.3).

An alternative approach, proposed for observational data [6], opts not to directly use a
spatial covariance matrix at all, instead fitting a spatially unaware ridge regression model to
predict the large-scale mean using individual gridcell values as predictors . Ridge regression is
a natural choice, as it is adept at handling a large number of correlated predictors (gridcells).
We can adapt this approach to the Bayesian paleoclimate context by adding an additional

layer to model (3.3):

YisilXes ~ N(Boi + B1iXes + mi, al-z), for all (¢, s) with proxy values
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Xiamg, ~ N, (11, B), for all years t

nsl

ne ~ N (O, 02), for all years ¢t with proxy values

1
— Z Xii ~ N(Br Xt 1., » o?), for all years t (3.7)
n

5 i=1

ﬂrNN

Nsq

(07 Ubj)7

(3.8)

2

2 and o} are the parameters corresponding to the the added layer. This

where f,,0
so-called “ridge” prior on [, provides regularization to 0 so that the posterior mean (and
mode) is equivalent to the ridge estimator with \ := g—b The entries of ., shown in Figure
B.2, describe the contribution of the temperature at each gridcell to the spatial mean. The
results of these approaches on linear pseudoproxy data can be see in Figure 3.8, which show
that the time series reconstruction of the spatial mean is almost identical to that of model
(3.3) fit using the conditional normal distribution, with both posterior mean correlation and
coverage being within 0.02 of one another. It is not too surprising that a linear model would
work well to estimate the spatial mean, as the expectation of the conditional spatial mean

is a linear function of the observed temperature values, with Eqn (3.6) implying that the

conditional distribution of the spatial mean can be written

1 &
<_ ZXm) ‘Xt,(nsl-i-l):ns ~ N (M,S), where
ng <
=1
1 sy Ng
M= — Zﬂm + Z Xt
s =1 i=ng; +1
1 [
S = — ZV&I(Xt,i) + 2 Z COV(Xtm th)
T\ 1<i<j<n,,

,UZH L= ,u(nlerl):nS + B2lBl_11 ()(t,l:ns1 - ,ul:nsl)
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The choice of which approximation to use will depend on the field being modeled and the
available proxy data. If the climate field has a stable, well-behaved spatial covariance structure
(like the US Southwest temperature used in this experiment), then assuming multivariate
normality with a fixed covariance matrix will be able to infill the spatial grid well, which will
lead to quality estimation even when the proxies are sparsely located. Ridge regression will
suffer in comparison when there are few proxies, and when these proxies are in locations which
are not representative of the spatial mean. On the other hand, the flexibility of the ridge
regression approach might be preferable if the spatial covariance matrix is highly uncertain or
if the assumption of normality is inappropriate. Both of these approaches offer considerable
computational speedups for estimating a spatial mean when a gridded reconstruction is not
of interest, as these methods only require gridcells informed by the proxies to be sampled at

each MCMC iteration.
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Figure 3.8: Comparison of PPE spatial mean reconstruction, using (a) the joint normality
assumption to fill in gridcells with no available data before taking the mean vs (b) ridge
regression to directly estimate the spatial mean from the gridcells with available data
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3.4 Discussion

We connect offline paleoclimate data assimilation to its underlying probabilistic model, using
MCMC samplers to better understand the implications that PaleoDA assumptions have
on reconstruction uncertainty. A series of Bayesian hierarchical models are developed to
bridge the gap between PaleoDA and BARCAST, two existing methods for climate field
reconstruction.

In pseudoproxy experiments, we find that calibration uncertainty can lead to substantial
changes in uncertainty quantification of the resulting reconstruction. Existing methods for
climate field reconstruction commonly assume that the proxy—climate relationship is the same
at all proxy sites, or that that the proxy—climate can be modeled as a pre-processing step,
with parameter point estimates used to obtain a reconstruction. Both of these approaches are
useful for speeding up computation, but when the forward model is noisy or vary across sites,
small changes in the forward model can lead to meaningful changes in the reconstruction.
We demonstrate that this uncertainty can be better propagated to the reconstruction by
simultaneously learning the forward model alongside the reconstruction, and that forward
models can be made more flexible by using hierarchical parametrizations which allow for
each proxy site to have its own regression parameters, which are assumed to be draws from a
common distribution across sites.

In this setting, we demonstrate that the inclusion of a zero-mean model discrepancy term
to a linear forward model can be helpful for proper uncertainty quantification when linearity
is a poor fit for the proxy-climate relationship. However, our experiments suggest that the
model discrepancy parameterization presented here is a useful first step but insufficient for
fully capturing calibration uncertainty. In particular, we assume that model discrepancy is
shared over all gridcells with proxy data, learning a single time series assumed to be shared
across space. This assumption is needed to guarantee identifiability when only a single proxy
time series is available at each gridcell, which is frequently the case in existing proxy networks.

Ideally, a separate model discrepancy term should be included for each proxy series. One
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possible solution in the BHM framework is to model individual proxy measurements rather
than starting with a site-level chronology as input, so that the removal of non-climactic
influences can also be included as a layer in the model (see [44] for an example of this approach
at a single location). A location-specific model discrepancy term included at this stage of
the model could be learned across individual proxy records at each site, which would allow
for more accurate uncertainty quantification in the reconstruction. These experiments into
model discrepancy add to the literature suggesting that the linearity assumption can be
quite impactful in paleoclimate reconstruction [87, 65, 23|, and highlights the importance of

developing principled forward models for reconstruction.

We then consider the PaleoDA modeling decision to fix spatial covariance using sample
covariance from climate model output. Pseudoproxy experiments with models learning spatial
covariance show that this assumption, while strong, can be quite practical, as sparse and
noisy proxies provide only limited information about spatial covariance. When learning a
covariance matrix in a BHM, we find that prior information about the covariance structure
must be included for inference when the spatial domain is large. Restricting the spatial
covariance to the class of squared exponential covariance functions tends to be a reasonable
assumption for Common Era temperature reconstructions in the North American Southwest,
in both pseudoproxy experiments and in a case study using TRW chronologies from PAGES2k.
Other covariance parametrizations should be studied for different climate fields. For instance,
one component of common PaleoDA applications neglected here is the use of a localization
matrix applied to the spatial covariance, which modifies a sample covariance by imposing
that correlation decreases as a function of spatial distance. Localization has been shown to
be impactful for DA applications in both numerical weather applications [99] and in PaleoDA
[100], but the choice of localization radius is often ad-hoc in paleoclimate applications.
Existing BHMs can be extended to include covariance localization with learned length-scale,
and can also include a class of so-called “hybrid” estimators which assume that the spatial

covariance is a convex combination of a climate model sample covariance and instrumental
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period observed covariance [101].

When a large scale mean is the inferential target, BHMs can be simplified by assuming a
fixed spatial covariance and shrinking the parameter space to model only locations informed
by proxy data. These simplifications should be further tested on other spatially aggregated

quantities (e.g. the impact of nonlinear proxies on ENSO reconstruction [65]).

The models fit here all assume that the spatial covariance structure is stationary in
time (i.e beyond an autoregressive term). While this assumption might be reasonable for
reconstructions of the Common Era, stationarity is certainly violated on longer timescales,
and the extent to which proxies can inform spatial covariance on these timescales should
be examined. The experiments performed here demonstrate the difficulties of learning even
a stationary covariance matrix, so exploration into highly parameterized spatiotemporal
structures (e.g. spectral approaches) should be considered first. One benefit of using Bayesian
models to assess modeling assumptions is that it highlights that these methodological choices
are not (and should not) be independent of one another. For example, different climate-
proxy models will change the impact of the prior covariance, so that the effect on the final
reconstruction is different from what would be observed if each choice was assessed one at
a time, holding the other parameters fixed. As such, PPEs using variations on a Bayesian
model like the ones shown here offer a useful complement to the excellent existing experiments
that operate solely using PaleoDA to assess the sensitivity of PaleoDA to the forward model

[87], prior spatial covariance choice [90], and the quality of the input data [102].

The ideas discussed here also broadly apply to large reconstruction projects that span
multiple proxy types, multiple climate fields, long timescales, and large spatial domains (e.g.
[67, 23, 70]). Ideally, climate field reconstructions should simultaneously estimate well-tuned,
biologically motivated forward models for each proxy alongside a statistical inverse model
which is capable of producing a probabilistic reconstruction of multiple climate fields. Each
of these extensions, however, adds to the computational challenge associated with fitting

large high dimensional Bayesian models, and will rely on expert guidance to ensure that the
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model is identifiable. BHMs which are able to jointly estimate all of these components are
still likely too computationally expensive for practical use. This work considers additional
modeling assumptions that can speed up these samplers, but are still noticeably slower than
approximate methods like PaleoDA. Advances in more efficient Bayesian inference should
be tested for their application to paleoclimate reconstruction. Covariance estimation is the
largest computational bottleneck, so particular attention should be paid to the large and
ever-growing body of literature on approximating Gaussian spatial random fields (see [103,
104] for reviews). In the meantime, we advocate the use and development of BHMs to assess
the assumptions underlying modeling choices in PaleoDA, both in pseudoproxy experiments

(e.g. using [105]) and in smaller scale observational experiments.
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Chapter 4

Predictive Modeling of Alzheimer’s and
Parkinson’s Disease Using Metabolomic
and Lipidomic Profiles from

Cerebrospinal Fluid

In recent years, metabolomics has been used as a powerful tool to better understand the
physiology of neurodegenerative diseases and identify potential biomarkers for progression.
We used targeted and untargeted aqueous, and lipidomic profiles of the metabolome from
human cerebrospinal fluid to build multivariate predictive models distinguishing patients
with Alzheimer’s disease (AD), Parkinson’s disease (PD), and healthy age-matched controls.
We emphasize several statistical challenges associated with metabolomic studies where the
number of measured metabolites far exceeds sample size. We found strong separation in the
metabolome between PD and controls, as well as between PD and AD, with weaker separation

between AD and controls. Consistent with existing literature, we found alanine, kynurenine,

The contents of this chapter appeared in paper [7]
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tryptophan, and serine to be associated with PD classification against controls, while alanine,
creatine, and long chain ceramides were associated with AD classification against controls. We
conducted a univariate pathway analysis of untargeted and targeted metabolite profiles and
find that vitamin E and urea cycle metabolism pathways are associated with PD, while the
aspartate /asparagine and c21-steroid hormone biosynthesis pathways are associated with AD.
We also found that the amount of metabolite missingness varied by phenotype, highlighting

the importance of examining missing data in future metabolomic studies.

4.1 Introduction

Alzheimer’s (AD) and Parkinson’s (PD) disease are the two most common neurodegenerative
disorders, and the fifth and tenth leading causes of death in the United States among
individuals aged 65 or older [106]. Projections using the 2010 US census estimate that
there will be approximately 1.2 million cases of PD (among individuals aged 45 or older)
and 8.4 million cases of AD by 2030 [107, 108]. Currently, there are no therapies that can
slow or halt progression of these debilitating diseases. Biomarkers for these diseases could
improve our ability to diagnose these conditions at early stages, and track progression of
neurodegeneration and the effect of therapies on slowing or halting disease progression.
Recent research has focused on the discovery of biomarkers to identify the presence of
these diseases [109, 110]. Cerebrospinal fluid (CSF) surrounds the brain and is peripherally
accessible, making it a promising medium to use for identifying biomarkers of neurodegen-
eration in AD and PD [111, 112]. The metabolome, consisting of the small molecules (<
2000 Da) circulating in an organism, has been shown to vary across many phenotypic traits,
including (but not limited to) human longevity [113], cancer [114, 115], and type 2 diabetes
[116]. Alterations in the metabolome have also been identified in AD versus control subjects

[117, 118], and PD versus control subjects [119, 120, 121].

In the present study, we examined whether the CSF metabolome can discriminate between
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healthy controls, AD, and PD subjects by fitting predictive models for each disease. We
compared untargeted aqueous, targeted aqueous, and lipidomic approaches to profiling the
metabolome in their ability to discriminate between AD, PD, and control CSF. Using a logistic
elastic net regression to classify phenotypes and select relevant features [122|, we were able to
best discriminate PD versus control in the untargeted metabolite profiles (0.998 AUC). Our
models were also able to discriminate AD versus control in untargeted and lipid profiles well
(0.81 and 0.75 AUC, respectively). Our model’s ability to differentiate between AD and PD in
the untargeted metabolomic profile was also excellent (0.976 AUC). We performed univariate
analyses to identify potential metabolomic pathways associated with each disease, revealing
metabolites and lipids that have been previously identified in association with AD and PD
versus controls, as well as some new putative biomarkers. We address statistical methods
for handling potential data quality issues related to metabolomics, including corrections for
assay drift and an examination of statistically informative missingness. Our work should be
validated in follow-up studies to determine if our findings are robust in larger cohorts, and in
longitudinal studies to identify if any metabolites are biomarkers for disease progression. To
our knowledge, this is the first paper to compare multivariate classification performance of

AD and PD between metabolomic profiles.

4.2 Materials and Methods

Our analysis was based on cerebrospinal fluid (CSF) samples of 85 healthy subjects, 57 AD
subjects, and 56 PD subjects, previously utilized and described in [123]. Sex at birth and
APOE variant is known for all subjects, while Glucosylceramidase Beta variant (GBA) and
Levodopa Equivalent Daily Dosage (LEDD) (calculated following [124]) are also known for
the PD cohort. All samples were collected under University of Washington or VA Puget
Sound Health Care System IRB-approved protocols. Written informed consent was given by

all participants, or their legally authorized representative, before any study procedures took
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place. The VA Northwest Mental Illness Research, Education, and Clinical Center (MIRECC)
Sample and Data Repository provided the samples for AD and control subjects, while the
Pacific Udall Center provided the PD samples used for this analysis.

Samples were collected while subjects were in the fasting state between 0900-1100 hours,
after the subjects were in supine bedrest for at least 40 minutes. CSF was extracted via
negative pressure using a Sprotte 24g atraumatic spinal needle, while subjects were placed in
the lateral decubitus position. At the bedside, CSF was collected into sterile polypropylene
syringes, placed into 0.5 ml aliquots in polypropylene cryotubes, and frozen immediately
on dry ice. All samples were stored at -80°C prior to assay. Appendix C.3 displays the
distribution of the date of LP draws. All participants with AD met the NINDS-ADRDA
criteria for probable AD. A summary of the neuropsychological testing results is available in
Table 1.

All PD patients were enrolled in the Pacific Udall Center Clinical Core [125]. All PD
subjects underwent physical, neurological, and neuropsychological assessments. which are
summarized in Table 1, and described in detail in [126]. Cognitive and motor diagnoses were
made at consensus conferences, which included at least two movement disorders specialists, a
neuropsychologist, and study support personnel. For more detailed information about sample

collection for the PD cohort, see [127].

4.2.1 Metabolomics

Details of metabolite processing can be found in previous analyses [123, 129]|. In brief, we
used a LC-MS/MS platform to carry out both global and targeted metabolomics analysis.
An Agilent 1200 LC system and a 6520 Q-TOF mass spectrometer were used to perform
global metabolomic analysis. We prepared 200 ul. CSF samples by dissolving in 1000 uL
methanol before vortexing and incubating at 20° C. After centrifuging at 18000g for 20
min, we collected 750 uL of the supernatant, which was dried and reconstituted in a 100

L solution of 40% HyO: 60% acetonitrile. We then analyzed the samples in positive and
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Table 4.1: Summary of subject data split by phenotype (top), with cognitive test results
(middle), and with additional PD subject information (bottom). The cognitive status for
PD was classified at three levels: no cognitive impairment, mild cognitive impairment (MCI),
and dementia. Age of onset refers to the age of onset of motor symptoms. GBA refers
to the carrier frequency for pathogenic GBA mutations and the E326K polymorphism. A
chi-squared test of independence for sex and phenotype reports a p-value of 0.051. A one-way

ANOVA of age at time of LP and phenotype reports a p-value of 2.099 x 10~

[128]
* For PD subjects, Trail Making Test Part A was truncated at 150 seconds, and Part B was truncated at 300
seconds
Control AD PD
n 85 57 56
Age at time of LP  53.7 £ 20.3 70.6 £9.8 65 £ 10
Duration of disease N/A 43+2.8 9+5
ApoE genotype 2,3 (9%) 2,3 (3.5%) 2,2 (1.8%)
2,4 (1%) 2,4 (3.5%) 2,3 (14.3%)
3,3 (563%) 3,3 (44%) 3,3 (50%)
3,4 (33%) 3,4 (33%) 3.4 (26.8%)
4.4 (4%) 4.4 (16%) 4.4 (7.1%)
Race (% white) 91.7% 94.7% 94.6%
Sex 53% M (41 F) 49% M (29 F) 70% M (17 F)
Control AD PD
MMSE total score (0-30) 204409 21.4+56 N/A
Logical memory immediate recall (0-25) 13.54+4.0 5.2+13.0 12.6 £3.0
Category fluency (animals) (0-999) 23.3+£6.3 9.7£5.1 20.6 +£5.3
Trail Making Test Part A (sec)* 2544+2.0 107.3+£182.1 30.9=+12.2
Trail Making Test Part B (sec)* 68.1£34.1 406.4+357.3 76.9+43.5
Logical memory delayed recall (0-25) 125+41 34+13.1 11.7+ 3.6
All No cognitive impairment MCI Dementia
n 56 16 36 4
Sex 70% M (17T F) 56% M (7 F) 70% M (11 F) 100% M
Race (% white) 94.6% 100% 91.7% 100%
Age of onset of motor symptoms 56 + 10 52+ 11.1 57+9 58 + 16.6
Age at time of LP 65 £ 10 60 £9.1 67 £ 8.6 65+214
Duration of disease 9+5 8§+5.2 10+4.9 7£5.3
Levodopa equivalent dose 714 + 536 441 + 324.9 802 + 592.3 1029 + 221.7
MDS-UPDRS III 25 +12.8 21+114 24+124 38+ 17.6
Hoehn & Yahr stage 2+0.6 2+04 2+0.5 3+1.3
MoCA 25+3.8 27+24 25+2.1 16 +54

negative ESI modes using 5ulb and 10 pL injection volumes, respectively. We performed the
chromatographic separation using a Waters XBridge BEH Amide column (15cm x 2.1 mm,
2.5 pm) heated to 40°C, using a flow rate of 0.3mL/min, 10mM NH,HCOj3 in 100% H,O
(mobile phase A) and 100% acetonitrile (mobile phase B) with a gradient of 95%-10% B from
0 to 5 min, 10% B from 5 - 40 min, 10%-100% B from 40 - 45 min, and 100% from 40-70
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min. We calibrated the Q-TOF/MS before each batch run, and achieved mass accuracy of
<1 ppm using a G1969-85000 Agilent Technologies tuning mixture. We then used Agilent
Mass Hunter and Mass Profiler Professional to process the MS data. We used an m/z scan

range of 100-2000 and acquisition rate of 1.0 spectra/s.

For targeted analysis, a Sciex 6500+ LC-MS/MS system was used to target 203 known
metabolites across more than 25 metabolomic pathways, along with 33 stable-isotope interal
standards from Cambridge Isotope Laboratory, Tewksbury, MA. We injected 2ulL of each
sample for positive ESI ioniziation mode analysis, and 10uL for negative mode. In both cases,
we conducted chromatographic separations using hydrophilic interaction chromatography,
employing a Waters XBridge BEH Amide column as before, with flow rate of 0.3 mL per
minute, a column compartment temperature of 40° C, and autosampler temperature of 4°
C. We used 5mM ammonium acetate in H,O with 0.5% acetic acid and 0.5% acetonitrile
(Solvent A) and acetonitrile with 0.5% acetic acid and 0.5% water (Solvent B) to compose
the mobile phase. For both negative and positive ionization modes, we used the following
gradient: isocratic elution of 10% A for 0-1.5 min, a linear increase of A to 65% from 1.5-9
min, constant 65% A from 9-14 min, and 10% at 15 min. We used authentic commercially
obtained compounds (Fisher Scientific, Pittsburg, PA or Sigma-Aldrich, Saint Louis, MO) to
develop the assays, and MultiQuant 3.0.2 was used to obtain metabolite concentrations, as

described previously [130].

Details of lipidomic analysis have been described previously [131, 132, 123|. For lipidomic
analysis, we added 54 isotope labeled internal standards (spanning 13 lipid classes) purchased
from Sciex (Framingham, MA). We thawed the frozen CSF samples at 25° C for 30 minutes,
then vortexed and transferred 100 uL. of CSF to a borosilicate glass culture tube. We extracted
lipids using dichloromethane/methanol, then concentrated the extracts under nitrogen and
reconstituted the samples in 100 pL of 10 mM ammonium acetate in dichloromethane:methanol
(50:50). We analyzed the resulting lipids using the Sciex Lipidyzer platform: specifically, we
used a Shimadzu LC and AB Sciex QTRAP 5500 MS/MS system, where differential mobility
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spectrometry (DMS) is conducted using SelexION. We then used multiple reaction monitoring
to quantify lipids in both positive and negative ionization modes, with and without DMS,
before processing the data using Sciex Analyst 1.6.3 and Lipidomics Workflow Manager
1.0.5.0. The Lipidizer platform outputs an abbreviated lipid annotation that does not exactly
match the LIPID MAPS shorthand annotation [133]. Table S1A of [132] provides a table of
translation between the two shorthand notations.

As described in [130], we monitored instrument performance over long periods and assisted
with normalization by running both a pooled study Quality Control (QC) sample and a
commercially pooled lab QC sample once every 10 study samples, and at the beginning and
end of all sample batches. The pooled study QC sample is made by combining 10-20 uL of

each sample, which are prepared as usual alongside the study samples.

4.2.2 Preprocessing

Samples were prepared for assay in seven batches of 28 or 29 samples each. As described in
[123], batch effects are reduced using the finite selection model from [134] to balance age, sex,
APOE status, and disease status across the batches. An XGboost model (a nonparametric
regression method implemented in the ‘xgboost’ R package), was fit separately on each
metabolite using run index, age, and sex as covariates. Cross validation was used to select
tuning parameters for these models [135]. The residuals of this procedure were used for
the remainder of the analysis, which reduces the likelihood that the predictive performance
of our models solely reflects metabolite drift over time, or the known associations of age
and sex with both AD and PD [136, 137, 138]. The inclusion of run index in this process
supplements the QC sample normalization done in the metabolite processing, and can be
helpful especially when considering metabolite drift between QC runs. The benefit of using
a flexible tree-based method like XGboost is that it is capable of handling and correcting
non-linear and discontinuous metabolite drift. Examples of this drift correction procedure in

our dataset are shown in Supplementary figure 2 of Hwangbo et al. After this correction, each
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metabolite was centered and scaled to have unit variance. Within each feature, abundances
further than 3 Median Absolute Deviations (MAD) were removed and treated as missing
values to limit the influence of unreasonably small or large abundances, which are most
likely the result of processing noise. To limit the impact of missing data imputation on the
analysis, we excluded features with more than 50% missingness from this analysis. The
remaining missing abundances were imputed using multiple imputation, whereby multiple
(in our case, 5) versions of imputed data are created. Identical analysis is done on each of the
five imputed datasets, which provides a measure of the variability induced by the missing
data procedure. The Amelia package in R [139] was used to perform this procedure, with
details of the implementation to accommodate large metabolomic datasets available in [123].
Missing data imputation was done within each cross validated loop (described in Section 2.3)

to avoid the imputation depending on information from both the training and testing sets.

4.2.3 Regression modeling

To model the extent to which our data discriminate AD and PD against controls, we fit
regularized logistic regression models, which extend the classic logistic regression model to
allow for the number of features in our dataset to exceed the number of rows. In particular,

we used elastic net regression, which fits
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Here, a is a value between 0 and 1 which determines the type of regularization, while A is
a non-negative value that determines the total amount of regularization. We used the R
package glmnet to fit these models, choosing o = 0.5 and selecting the value of A that resulted
in the smallest deviance in leave one out cross validation [122|. This choice of « allowed for
variable selection without imposing a strict upper limit on the number of selected variables.

To mitigate the effects of class imbalance, observations were weighted by inverse proportion of
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their class label. For interpretability, in Tables 2, 3, and 4 we show exponentiated coefficients
for models fit on the full data (for the targeted and lipidomic profiles) to classify AD against
controls, PD against controls, and AD against PD,, respectively. Because the covariates are
standardized, these exponentiated coefficients correspond to the expected odds ratio (OR)
resulting from a standard deviation increase in metabolite/lipid concentration.

To estimate out of sample predictive power, leave one out prediction was performed, i.e.
missing data imputation and regression modeling was iteratively done on the training data
after removing a single observation, and a prediction was formed on the left out observation.
Rather than imputing missing values on a left out observation, missing features were removed
from that iteration’s test set, using a process known as reduced feature modeling [140]. These
left out predictions were used to create Receiver Operating Characteristic (ROC) curves
and compute Area Under the ROC Curve (AUC). To summarize the performance of our
models, we compute the average AUC value across all five missing data imputations for each

leave-one-out iteration.

4.2.4 Pathway analysis

To perform pathway analysis and metabolite set enrichment analysis, we construct univariate
classification models by separately regressing each metabolite against disease status, which
allows for correlated and collinear metabolites to be included in their respective pathways. For
univariate untargeted metabolomic analysis, we used logistic regression models to perform the
classification, and then inputted mass:charge ratios, retention times, ¢-values and Benjamini
Hochberg corrected p-values into Mummichog via a Python script [141] to perform pathway
analysis. Positive and negative ionization modes were analyzed separately.

For univariate targeted analysis, we used the same logistic regression model technique,
and inputted the names of all metabolites with false discovery rate < 0.05 into Metabolite
Set Enrichment Analysis (MSEA), which performed hypergeometric tests of associations with

known metabolite sets [142]. To perform MSEA on the targeted dataset, we used the open
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source MetaboAnalystR package [143].

4.3 Results

CSF samples from AD, PD, and healthy control subjects obtained through two different
longitudinal studies were analyzed in this study: 85 healthy subjects, 57 subjects with AD,
and 56 subjects with PD. Age at time of CSF collection ranged from 20 to 88, with a median
age of 65 (Table 4.1).

The average age of control subjects was 54 at the time of LP, ranging from 20 to 86 years
old, with 48% female and 93% white. The average age of AD subjects at the time of LP was
71, ranging from 52 to 87 years old, with 51% female and 95% white. The average duration of
disease of AD subjects was 4.3 + 2.8 years. Consistent with the diagnosis of AD, the average
MMSE score for AD subjects was 21.4 + 5.6. compared to 29.4 4+ 0.9 for controls. Additional
cognitive measures for AD and control subjects are included in Table 4.1.

The average age of the PD subjects was 65, with 9 years average duration of disease at the
time of LP. The average levodopa equivalent daily dose (LEDD) was 714 mg/day, where only
three PD subjects were not taking dopaminergic medication. The average MDS-UPDRS part
IIT score for motor symptoms was 25, with average Hoehn and Yahr stage of 2, consistent
with mid-stage PD patients on a moderate amount of dopaminergic medication. The average
MOCA score for the PD cohort was 25.2 4 3.8. The majority of the cohort had the consensus
diagnosis of mild cognitive impairment (64%), while 29% had no cognitive impairment and
7% had dementia at the time of LP. Six PD subjects were carriers of pathogenic GBA gene
mutations and two subjects were carriers of the GBA E326K polymorphism . None of the
most common pathogenic mutations of leucine rich repeat kinase 2 (LRRK2) G2019S or
R1441C/G/H/S mutation carriers were identified in this cohort.

Metabolomic profiling of CSF was performed using untargeted and targeted metabolite

methods, as well as lipid profiling. The untargeted, targeted, and lipid profiling yielded 6735,
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108, and 1070 features respectively. These samples came with widely varying degrees of
missingness, with 16%, 3%, and 81% of the data missing from each of the profiles, respectively.
A summary of subject age and missing data is displayed in Appendix C.1, and a flowchart

outlining the the analysis performed in this study is available in Appendix C.2

4.3.1 PCA

We first used the unsupervised method of principal component analysis (PCA) (see, e.g.
[144]) to identify the combinations of metabolites responsible for the majority of the variation
present in the untargeted metabolomic data. Twenty percent of the variation in the data was
explained by the first two principal components (Figure 2). This variation did not associate
strongly with disease (AD, PD, controls), as the projection of the subjects’ untargeted profile
onto the first two principal components does not show significant separation between subject
groups. In a previous analysis on the dataset of only control subjects, we found the first

principal component to be associated with age [123].

4.3.2 Prediction Results

We next used supervised methods to seek explicit combinations of metabolites and lipids
that can differentiate AD, PD, and healthy controls. For both its predictive power and
interpretable results, we fit binary logistic elastic net regression models on each of these three
pairwise phenotype combinations (AD, PD, control), and on three profiles (untargeted and
targeted aqueous metabolites and untargeted lipids), using leave one out prediction to classify
the disease status for each subject. The overall predictive performance of models fit on the
untargeted profiles is displayed via ROC curves in Figure 4.2. Alternative characterizations
of model performance are presented in Appendix C.6, including precision-recall curves and
examples of threshold-dependent performance metrics. As stated in Section 4.2.2, age and
sex are detrended from each metabolite prior to modeling fitting to better distinguish the

signal from the metabolome from the known association of these covariates between AD, PD,
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Principal Component Analysis
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Figure 4.1: Untargeted data projected onto the first two Principal Components (PC). Each
point represents a subject, colored by their phenotype. Percentages in the axis titles refer
to the percentage of variation of the data explained by the respective PC. 95% confidence
ellipses assuming the ¢-distribution are also plotted. The first two principal components do
not clearly separate the disease phenotypes.

and controls. The predictive performance of models fit including age and sex can be found in

Appendix C.7.

Classifying AD against controls

The predictive accuracy of models classifying AD against controls varied across the profiles,
reporting Area Under the ROC Curves (AUC) between 0.5 and 0.7. The untargeted profile
yielded the highest predictive accuracy. Recall that age and sex are detrended from each
metabolite, so that these models mostly disregard the discriminatory power of age and sex.
These models contain less discriminatory power than age and sex alone, as the leave one
out performance of classical logistic regression models using only age and sex yields an AUC
of 0.734. In addition to the leave one out modeling done to generate these ROC curves, a
logistic elastic net model was fit on the full lipid and targeted profiles to get a sense of which

metabolites separate AD from controls in our data. Exponentiated coefficients larger than 1.1
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or smaller than 0.9 for these models are displayed in Table 4.2, and represent the odds ratio
(OR) of classifying the subject as having AD resulting from a standard deviation increase in

the metabolite/lipid.

ROC curves using the untargeted profile
(a) (b)
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Figure 4.2: Receiver Operating Characteristic (ROC) Curves for binomial elastic net regres-
sions classifying (a) controls against subjects with AD, (b) controls against subjects with
PD, and (c) subjects with AD against subjects with PD. Solid lines represent models formed
using each of the five missing data imputed datasets. The dotted y = x line represents the
ROC curve under a model which makes predictions at random. The average Area Under the
Curve (AUC) across the five ROC curves is displayed in the bottom right.

Classifying PD against controls

The models correctly classify PD patients with near perfect accuracy in the untargeted
metabolomic profile, and classify better than chance in the targeted metabolomic and
lipidomic profiles. For reference, the leave one out predictions of logistic regression models fit
using only age and sex yield AUC of 0.671. Table 4.3 displays the odds ratios associated with
an elastic net model fit on the full targeted metabolite and lipid profiles, akin to Table 4.2.
To test whether this near perfect prediction in the untargeted profile can be attributed to a
small subset of metabolites, we proceeded to run a second elastic net regression, following the
same procedure described in Section 4.2.3, but this time removing all metabolites selected
by the first elastic net regression model from consideration (fit using all controls and PD
subjects). This second elastic net model was still predictive of PD, reporting an average
AUC of 0.83 over the five imputations and the leave one out analysis, indicating that the

discriminatory power of our model is not limited to a small set of metabolites.
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Table 4.2: Names and Odds Ratios (OR) for targeted metabolites and lipids retained in all five
imputations of elastic net models fit on the full data to classify AD patients against controls.
The tables are sorted by magnitude and split into positive and negative coefficient tables.
Because the features were standardized prior to fitting the models, these ORs represent the
expected odds ratio resulting from a standard deviation increase in concentration. Only ORs
with magnitude greater than 1.1 or less than 0.9 are shown here. A two standard deviation
interval is shown for the OR to quantify variability across the five missing data imputations.

Targeted Metabolites - Positive Coeflicients Lipids - Positive Coefficients

Metabolite OR + 2SD (> 1) Lipid OR + 2SD (> 1)
1-Methyladenosine 1.52 (1.43, 1.62) SM(18:1) 1.51 (1.42, 1.6)
Glycine 1.38 (1.3, 1.46) CE(16:1) 1.22 (1.2, 1.25)
Alanine 1.38 (1.32, 1.43) CE(20:1) 1.19 (0.91, 1.54)
Sarcosine 1.21 (1.16, 1.26) PC(18:0/20:3) 1.12 (0.99, 1.26)
Acetylcarnitine 1.19 (1.16, 1.21)

4-Methoxyphenylacetic 1.17 (1.11, 1.25)

acid

Sorbitol 1.15 (1.13, 1.17)

Lactate 1.14 (1.12, 1.16)

Hydrocortisone 1.14 (1.09, 1.19)

Homoserine 1.12 (1.07, 1.16)

Caffeine 1.11 (1.04, 1.17)

Targeted Metabolites - Negative Coefficients

Metabolite

OR + 2SD (< 1)

N-Acetylneuraminic acid

0.76 (0.71, 0.8)

Lipids - Negative Coefficients

Lipid OR + 2SD(< 1)
Glycocyamine 0.8 (0.79, 0.82)
4-Aminobutyric acid 0.84 (0.81, 0.88) PE(P-18:0/22:6),0.77 1.12 (0.99, 1.26)
Creatine 0.85 (0.8, 0.9) PE(18:0/20:4),0.84 1.12 (0.99, 1.26)
Urocanic acid 0.86 (0.73, 1.01) PE(18:0/22:6),0.90 1.12 (0.99, 1.26)

Homocysteine

0.88 (0.84, 0.91)

Uridine

0.89 (0.85, 0.92)

Mutations in GBA are the strongest genetic risk factor for PD, increasing the risk of PD
in heterozygous carriers by approximately 5-fold compared to non-carriers [145|, and are
present in 5% of all PD patients. GBA E326K is also associated with PD risk, albeit with
a smaller effect size [146], and both GBA mutations and E326K are associated with more

rapid progression of cognitive and motor symptoms in PD [147, 148, 149]. Our cohort of PD
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patients included six GBA mutation carriers and two GBA E326K carriers. Due to the small
size of both genotype groups, we pooled the six mutation carriers and two E326K carriers to
improve power for our analysis. Models classifying the eight GBA variant carriers against
non-carriers within the PD cohort do not perform better than chance. We also examined
whether PD-related medications could be significantly influencing metabolic profiles, as 53
of the 56 PD subjects were taking dopaminergic medication at the time of LP. However,
models predicting LEDD from metabolites had very little predictive power, not performing
much better than a naive intercept-only model. Additionally, we performed a reanalysis of
the untargeted profile after removing all metabolites within 1 m/z of levodopa, entacapone,
and their drug metabolites (dopamine, dihydroxyphenylacetic acid, homovanillic acid, and
3-O-methyldopa, S-adenosyl-L-methionine, norepinephrine, epinephrine). In this reanalysis,

we found no reduction in the discriminative performance of our models.

Classifying AD from PD

In addition to classifying disease subjects versus controls, models were also fit to classify AD
versus PD using the metabolome. Similar to PD versus control classifications, the untargeted
profile was able to distinguish between the two classes with near perfect accuracy, while the
lipid models do not perform significantly better than chance. For reference, the leave one out
predictions of logistic regression models using only age and sex yields an AUC of 0.716. The
most significant metabolites distinguishing between AD and PD, as determined by analyzing
untargeted metabolite profiles, are summarized in Table 4.4. The corresponding tables for

lipids are reported in Appendix Table C.3

4.3.3 Missing Data

We noted that there was a significant percentage of missing features for targeted and
untargeted aqueous metabolite and lipid profiles per group. To determine whether there

could be any correlation between the pattern of missing features and AD, PD or controls, we
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fit a series of models following the procedure described in Section 4.2.3 with the modifications
that all metabolite abundances were replaced with 1’s if they were present, and 0 if they were
missing. Age and sex were still included in this model to control for their possible associations
with missingness [123]. These matrices of missingness indicators (along with sex at birth
and age) were still moderately to extremely successful at classifying AD and PD against
controls, reporting leave one out AUCs as high as 0.97 (classifying PD against controls in
the untargeted profile). The high predictive accuracy at classifying PD against controls in
the untargeted missingness indicator profile is moderately robust, as removing all significant
metabolites and rerunning the analysis yields an AUC of 0.72. However, the near perfect
classification result reported in Section 4.3.2 is not solely a result of differential missingness,
as similar performance is achieved after removing all metabolites that were missing in more
than 1% of samples. Targeted and lipidomic tables for the full models (following the same
format as Tables 4.2 and 4.3), are shown in Table 4.5.

We also found that when the proportion of missing data between phenotype subjects
is large, the controls tended to have the most missingness, and PD subjects have the least
missingness (after controlling for age). A series of univariate binary logistic regressions were
fit on the untargeted profile to classify each metabolite’s pattern of abundance missingness
based on phenotype (AD, PD, or age-matched controls). All metabolites with at least one

coefficient FDR < 0.05 are displayed in Appendix C.4.

4.3.4 Pathway and Set Enrichment Analysis

We used pathway analysis to map significant individual metabolites identified by our analysis
to known metabolite networks. To annotate the metabolites obtained in an untargeted
method, we used mummichog, which combines the tasks of pathway analysis and metabolite
identification using mass:charge, retention time, MS ion mode, along with univariate classifi-
cation results. Mummichog identified vitamin B3 (nicotinate and nicotinamide) metabolism

and alanine and aspartate metabolite pathways with the negative ion mode metabolites
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classifying PD against controls. No associations were found classifying AD against controls
with negative ion mode metabolites at a false discovery rate < 0.05. For the positive ion
mode detected metabolites, urea cycle/amino group metabolism, aspartate and asparagine
metabolism, C21-steroid hormone biosynthesis and metabolism, biopterin metabolism, glu-
tathione metabolism, vitamin B12 (cyanocobalamin) metabolism, vitamin E metabolism, bile
acid biosynthesis, drug metabolism -cytochrome P450, and arginine and proline metabolisms
were found to be associated with PD at the false discovery rate < 0.05. Classifying AD
against controls, mummichog identified the C21-steroid hormone biosynthesis and metabolism,
sialic acid metabolism, androgen and estrogen biosynthesis metabolism, starch and sucrose

metabolism, and hexose phosphorylation pathways at a false discovery rate < 0.05.
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Figure 4.3: Pathway Analysis of Mummichog on the positive mode untargeted metabolites
from univariate logistic models classifying PD and AD against Controls, sorted by —log,
Benjamini Hochberg corrected p-values, with the vertical dashed line marking p = 0.05
Using metabolite abundance missingness indicators to classify PD against controls in
univariate analysis, we found vitamin E metabolism to be the only pathway associated with
the significant metabolites at a false discovery rate < 0.05 in the positive ion mode detected
metabolites. No associations were found using the negative mode metabolite missingness to
classify PD against controls. No associations were found using positive or negative mode

metabolite missingness to classify AD against controls. Using significant metabolites from
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untargeted univariate analysis classifying AD against PD, mummichog identified the ascorbate
(vitamin C) and aldarate metabolism pathways in the negative ion mode, and drug metabolism

-cytochrome P450 and vitamin E metabolism pathways in the positive ion mode.

For the targeted profile, where metabolite identities have already been established, we
used Metabolite Set Enrichment Analysis (MSEA), which performed overrepresentation
analysis to compare significant metabolites from univariate classification against known
metabolites sets compiled from literature. MSEA found no significant relationships using
p-values computed from the hypergeometric distribution. Using metabolite sets from the
Small Molecule Pathways Database (SMPDB) [150], we find that the targeted metabolites
identified in our univariate classification of PD against controls match two out of three
metabolites in the carnitine synthesis set, two out of four of the metabolites in the betaine
metabolism set, and three out of eight of the metabolites in the methionine metabolism set.

A table of the sets with largest overlap can be found in Appendix C.8.

4.4 Discussion

In this study we analyzed targeted and untargeted metabolomic and lipidomic CSF profiles
to develop possible predictive models for AD and PD. Using elastic net regression models,
we were able to classify PD against both controls and AD with a high degree of accuracy
using untargeted metabolomic profiles, as well as moderate accuracy for all other models
classifying phenotype using the targeted and untargeted metabolome. We found that some
metabolites driving these predictive multivariate models, such as alanine and ornithine, have
already been reported in the existing literature, providing further support for our results. We
also performed univariate analysis coupled with pathway and set enrichment analysis and
identified putative metabolomic pathways that have been previously associated with AD or
PD. Associations between the presence of missing values and phenotype were also reported,

suggesting the need for careful treatment of missing data in future metabolomic studies.
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While several similar studies analyzing metabolomic and/or lipidomic profiles have been
published, our study has several unique strengths. First, we analyzed both targeted and
untargeted metabolomic profiles and were able to distinguish a specific metabolomic signature
associated with neurodegeneration in both an unbiased interrogation of the metabolome as
well as in metabolites of interest. In addition, most prior studies have analyzed metabolomic
or lipidomic alterations in a single disease versus controls. We analyzed metabolomic and
lipidomic profiles from both AD and PD in relation to each other as well as compared to
controls to identify metabolomic and lipidomic changes that might be specific to each disease
versus common to neurodegeneration. We were able to distinguish between the metabolome
of AD and PD CSF, supporting growing evidence that neurodegenerative diseases have unique
metabolomic "signatures". Finally, we analyzed CSF from living patients rather than from
post mortem samples, which may be advantageous in revealing significant alterations in the
metabolome. This could be relevant to developing biomarkers of disease progression, rather

than alterations that are only detectable in end-stage disease.

The leave-one-out predictive accuracy of our models ranges greatly depending on the
classification task and profile used. Models fit using the untargeted profile tended to be the
most accurate, classifying PD against controls and PD against AD nearly perfectly, and
classifying AD against controls better than chance. We also found that the models achieving
near perfect accuracy are not limited to a few metabolites, and that the pattern of missing
values alone is enough to distinguish these phenotypes. This suggests that features with
missingness may encode important information about phenotype and should be treated with
careful consideration in future metabolomics studies. There were a small number of targeted
metabolites and lipids that appeared in all leave one out models, which are reported in

Appendix C.11.

Interestingly, the lipidomic profiles of AD and PD subjects were nearly indistinguishable,
despite our models being able to classify the lipidomic profiles of PD against controls better

than chance. This suggests that there may be common alterations in lipid metabolism in both
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neurodegenerative diseases. Increasing evidence indicates that alterations in lipid metabolism,
particularly ceramide and sphingolipid metabolism, are present in multiple neurodegenerative
diseases including AD and PD. This study is one of only a few studies able to compare AD
and PD CSF lipidomic profiles obtained at the same time by the same laboratory, reducing
alterations due to batch effect. Alterations in lipid metabolism could signal perturbations in
multiple biological pathways, including inflammation, mitochondrial function, cell signaling,
cell death, endolysosomal trafficking, and exosome biogenesis [151, 152, 153]. The two lipid
species whose abundances have the strongest positive association with AD in the multivariate
model are ceramide (24:1) and cholesterol ester (20:1), which are consistent with studies
finding an increased abundance of long chain ceramides and cholesterol in AD [154, 155,
156, 157|. A decrease in concentration of four species of phosphatidylethanolamine (PE)
were found to be associated with AD in our multivariate model (Table 1). These bioactive
glycerophospholipids have been previously associated with AD and PD [158, 159], though
there is conflicting evidence of decreased PE levels in AD [160], or unchanged between AD

and age-matched controls [161].

Several of the targeted metabolites driving our predictive multivariate models have been
previously reported in association with AD or PD. Alanine [162, 163, 164, 121], kynurenine
[119], glycine [165], tryptophan [164, 166|, xanthine [167], and serine [167, 164] have all
been found to be associated with PD, and appear in either our multivariate analysis of
the targeted profile, or the pathways and set enrichment analysis derived from univariate
analysis. Ornithine, an amino acid involved in the urea cycle, is the metabolite most positively
associated with PD. It has been reported to be increased in urine and serum from PD patients
[168, 169, 121] but decreased in CSF of PD patients compared to controls [170]. In our sample,
ornithine is strongly associated with PD in the untargeted profile as well, as mummichog
identified the urea cycle/amino acid group metabolism as the most enriched pathway for
classification between PD patients and controls. Alanine is one of the metabolites most

positively associated with AD in our multivariate model (Table 1). Increased levels of this
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amino acid, as well as several others including glycine, methionine, threonine, phenylalanine
and citrulline have been found to be increased in CSF of AD patients [171, 172, 173|. Targeted
aqueous metabolomic analysis of premortem blood and postmortem brain from individuals
with AD and healthy controls found acylcarnitine to be associated with AD and cognitive
changes [174]. We found decreased levels of creatine to be associated with AD in our
multivariate model, and proteomic studies have found creatine kinase to be associated with
AD patients [175, 176]. The positive association between fructose and AD in our multivariate
model might provide support for the hypothesis in [177] suggesting that AD can be driven by
an overactivation of fructose metabolism. Our pathway and set enrichment analysis identified
several putative pathways previously associated with AD and/or PD, including biopterin
metabolism, which is important for dopamine synthesis, and glutathione metabolism, which
is critical for antioxidant activity and mitochondrial integrity. Urea cycle and amino group
metabolism were also identified, which are important for fatty acid metabolism, and have
been implicated in neuronal function and neurodegeneration. Finally, alanine and asparagine
metabolism may be important for metabolic control of neurons [178|. The emergence of these
pathways from our analysis suggests that our model correctly predicted PD compared to
controls based on changes in metabolites and lipids that arise from significant alterations in
cell function, and further supports this method in identifying possible biomarkers as well as

biological mechanisms underlying disease pathogenesis.

4.4.1 Modeling limitations

There are several limitations to the current study, which we address here. We focus in
particular on the near perfect ability to discriminate PD from both controls and AD, which
might be met with some skepticism. First, it is possible that our results could be distorted by
the effects of dopaminergic medication on the metabolome. While the LEDD was recorded
for most PD subjects, it was not used in this study because non-zero LEDD itself is a nearly

perfect predictor of PD status. Levodopa treatment has been shown to impact kynurenine,
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tryptophan, and tyrosine metabolisms [109], which could explain several of the associations
found in MSEA (Table 5) and multivariate analysis (Table 2). That said, there is evidence
to suggest that the classification is not driven solely by the presence of drugs; we find that
a Gaussian elastic net model is unable to predict LEDD better than chance in the PD
cohort, and we also find that removing all untargeted metabolites within 1 m/z of levodopa,
entacapone, and their drug metabolites does not change the near-perfect discrimination of

PD against controls.

Another potential confounder driving the near perfect PD classification results could
come from differences in sample processing. The PD samples were collected by a different
study and researchers (Pacific Udall Center) than the AD and control samples (VA MIRECC;
see Materials and Methods), and our models were able to classify PD against both AD and
controls with high degrees of accuracy. It is possible that despite strict adherence to the
same protocol, there were still differences in sample collection and processing between the
two studies that our models were able to detect. One important limitation of our PD analysis
is that CSF was extracted at an earlier date for the AD and control subjects than for the PD
subjects (Appendix C.3), and there is some evidence to suggest that prolonged storage time
can lead to significant alterations in metabolomic profiles [179]. Determining the relationship
between metabolomic profiles and storage time is an active area of research, and we refer to
Section 2.5 of [180] for a review of the current literature. However, the exploratory analysis
presented in Appendix C.8 provides evidence to suggest that batch effects are not the sole
source of predictive power in our models. In short, the metabolites distinguishing AD and PD
are distinct from those distinguishing AD and controls, suggesting that the sample extraction
date is not the sole confounder driving these predictions. In addition, studies such as [166]
and [120] achieve similar performance in distinguishing PD from controls, which indicates
that it is possible that the nearly perfect classification in our models is due to true signal in
the metabolome. Further, we note that this analysis is meant to explore the predictive power

of the metabolome to distinguish phenotype without relying on known associations with age
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and sex. As such, the choice to detrend and exclude sex and age in the elastic net models
was a conservative choice that shrinks the possibility that the predictive performance and
metabolites retained were dependent on age and sex. An approach that explicitly includes

age and sex would likely generate more accurate predictions.

Relatedly, the pattern of missing values in metabolomic and lipidomic profiles differed
between PD and controls but not between AD and controls. A re-analysis of PD and control
metabolite profiles suggests that differential missingness is not solely responsible for the
predictive performance of our models; after removing nearly all metabolites that were missing

in either or both groups, we still found significant differentiation between PD and controls.

More generally, a larger sample size and further investigation using experimental model
systems are required to test whether the discriminatory features that we identified between
AD, PD, and controls may have causal biological relationships. In particular, our exploratory
analysis of the models distinguishing PD from controls shows that there is a multiplicity
of good models, suggesting that the results shown in this study are neglecting potentially
important predictors. While the elastic net classification models used in this study are
powerful tools for interpretable high dimensional analysis, performing statistical inference
(e.g. obtaining p-values for individual coefficients) in this setting is an active area of research
and not yet well understood (see [181] for a recent and thorough treatment of this topic). As
such, the results of this analysis should be seen as exploratory and as potential directions for
future work, rather than making strong inferential claims on its own. Additionally, the null
result of being unable to classify GBA variant carriers against non-carriers within the PD
cohort is likely due to the small sample size. Specific lipidome alterations in GBA variant
carriers with PD have been identified in CSF [182], but these observations were not replicated

in our study.

A third limitation of the study is the cross-sectional nature of our data. The metabolome
is known to be dynamic and volatile, so patterns identified in a cross-sectional sample might

not generalize well. Longitudinal studies, similar to those done by [174] and [167], will be
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needed to determine whether the discriminatory features that we identified between PD, AD,
and control CSF are not only diagnostic, but change over time to reflect disease progression.

In conclusion, we identified a number of metabolites and developed an elastic net regression
model that can distinguish between AD, PD, and healthy control CSF metabolite profiles, as
well as PD versus control lipidomic profiles. Our study is one of the few studies to examine
targeted and untargeted aqueous metabolite profiles as well as lipidomic profiles in the two
most common neurodegenerative diseases, AD and PD, as well as healthy controls. While
our study has some limitations, including small cohort size and lack of longitudinal data,
our analyses suggest several directions for future investigation of lipidomic and metabolomic

profiles as markers of disease state and progression.
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Table 4.3: Names and OR for targeted metabolites and lipids retained in all five elastic net
models fit on the full data to classify PD patients against controls. Only ORs with magnitude
greater than 1.1 or less than 0.9 are shown here. A two standard deviation interval is shown
for the OR to quantify variability across the five missing data imputations.

Targeted Metabolites - Positive Coefficients

Metabolite

OR =+ 2SD (> 1)

Ornithine

2.1 (1.82, 2.41)

Glycylproline

1.75 (1.52, 2.01)

Levulinic acid

1.62 (1.43, 1.82)

Acetylglycine

1.57 (1.42, 1.73)

Glycine

1.57 (1.45, 1.7)

Creatinine

1.52 (1.46, 1.58)

Cytosine

1.48 (1.28, 1.7)

Adenosine

1.45 (1.26, 1.67)

Pentadecanoic acid

1.4 (1.32, 1.49)

Sorbitol

1.4 (1.3, 1.52)

N-Acetylethanolamine

1.39 (1.31, 1.48)

alpha-Hydroxyisovaleric acid

1.39 (1.23, 1.57)

2-aminoadipic acid

1.36 (1.16, 1.6)

Methylguanidine 1.32 (1.27, 1.38)
Xanthosine 1.25 (1.2, 1.3)

Dimethylarginine 1.22 (1.15, 1.3)
Homoserine 1.21 (1.14, 1.28)
Threonine 1.2 (1.15, 1.25)
Cystine 1.16 (1.09, 1.23)

3a-Hydroxy-12 Ketolithocholic Acid

1.16 (1.09, 1.23)

Adenosyl-L-homocysteine

1.15 (1.08, 1.22)

6-Methyl-DL-tryptophan

1.13 (1.06, 1.2)

Anthranilic acid

1.12 (1.03, 1.21)

Fructose

1.11 (1.02, 1.2)

Lipids - Positive Coefficients

Lipid

OR + 2SD (> 1)

PE(P-16:0/18:1)

1.54 (1.45, 1.63)

HCER(18:0)

1.49 (1.43, 1.55)

FFA(16:1)

1.46 (1.3, 1.65)

SM(18:1)

1.42 (1.26, 1.6)

FFA(24:0)

1.22 (1.11, 1.35)

PC(16:0/20:2)

1.21 (0.93, 1.57)

FFA(20:2)

1.2 (0.94, 1.52)

CE(20:1)

1.2 (0.98, 1.46)

DAG(20:0,/20:0)

1.17 (0.96, 1.43)

PE(16:0/22:6)

1.16 (0.97, 1.39)

LPC(18:1)

1.11 (1.06, 1.15)

82

Targeted Metabolites - Negative

Coefficients

Metabolite

OR + 2SD (< 1)

Indole-3-acetic acid

0.57 (0.54, 0.61)

Serine 0.58 (0.52, 0.64)
N-Acetylneuraminic acid 0.61 (0.55, 0.68)
Urocanic acid 0.64 (0.53, 0.76)
Agmatine 0.65 (0.63, 0.68)
HIAA 0.66 (0.6, 0.73)
Glycocyamine 0.71 (0.58, 0.87)
Aspartic acid 0.76 (0.66, 0.88)
4-Methylvaleric acid 0.79 (0.73, 0.85)
Serotonin 0.82 (0.77, 0.87)
Mannose 0.82 (0.74, 0.9)
Creatine 0.83 (0.78, 0.88)
Xanthine 0.83 (0.76, 0.9)
4-Aminobutyric acid 0.86 (0.81, 0.91)
4-Methoxyphenylacetic acid 0.86 (0.81, 0.91)
Citraconic acid 0.87 (0.74, 1.02)
Decanoylcarnitine 0.89 (0.84, 0.94)

Lipids - Negative Coeflicients

Lipid OR + 2SD (< 1)

PC(18:1/18:2)

0.49 (0.45, 0.53

FFA(18:0)

0.64 (0.53, 0.76

PE(18:1/18:1)

FFA(24:1)

0.68 (0.61, 0.75

PC(18:1/20:4)

)
)
0.65 (0.48, 0.88)
)
)

0.72 (0.64, 0.81

PC(18:0/22:6)

0.76 (0.7, 0.82)

PC(18:1/16:1)

0.88 (0.79, 0.97)




Table 4.4: Names and OR (associated with a standard deviation increase in concentration) for
targeted metabolites retained in all five elastic net models fit on the full data to classify PD
patients against AD patients. A metabolite with OR > 1 indicates that higher concentration
is associated with AD in our models. Only ORs with magnitude greater than 1.1 or less
than 0.9 are shown here. A two standard deviation interval is shown for the OR to quantify
variability across the five missing data imputations.

Targeted Metabolites - Positive Coefficients Targeted - Negative Coefficients

Metabolite OR + 2SD (> 1) Lipid OR + 2SD (> 1)
Serine 1.63 (1.36, 1.95) Ornithine 0.52 (0.51, 0.53)
Alanine 1.62 (1.46, 1.79) alpha-Hydroxyisovaleric 0.63 (0.58, 0.68)

Indole-3-acetic acid

1.52 (1.46, 1.58)

Xanthine

1.42 (1.26, 1.6)

Aspartic acid

1.4 (1.32, 1.49)

Caffeine 1.4 (1.3, 1.52)
Sarcosine 1.22 (1.15, 1.3)
HIAA 1.2 (111, 1.3)

n-glycyl-l-proline

1.16 (1.01, 1.34

Glycodeoxycholic acid

1.15 (1.06, 1.25

4-Methoxyphenylacetic acid

1.14 (1.12, 1.16

Serotonin

)
)
)
)

1.13 (1.08, 1.17
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acid

Homocysteine

0.64 (0.59, 0.7)

Histidine

0.7 (0.62, 0.79)

Creatinine

0.72 (0.66, 0.78)

Glycylproline

0.73 (0.64, 0.82)

Levulinic acid

0.76 (0.7, 0.83)

Adenosine

0.77 (0.67, 0.89)

N-Acetylethanolamine

0.81 (0.75, 0.88)

Acetyl-L-glutamine

0.86 (0.79, 0.93)




Table 4.5: Names and OR for targeted metabolite abundance missingness indicators in AD
classification against controls, lipid abundance missingness indicators in PD classification
against controls, and lipid abundance missingness indicators in AD classification against PD,
retained in elastic net models fit on the full data. The OR corresponds to increased odds of
classifying a patient as having AD/PD/AD associated with a standard deviation increase
in metabolite concentration (for left, middle, and right, respectively). Age and sex are not
penalized, and are therefore guaranteed to be included in these models. Other combinations
of phenotype and profile (i.e targeted-PD or lipids-AD tables) are not shown because the
only retained covariates were age and sex

Metabolite OR (AD v C) Lipid OR (PD v C) Lipid OR (AD v PD)
Citraconic acid 0.53 Male 1.85 Male 0.25
Phenylalanine 1.85 TAG46:0- 1.77 PE(18:1/18:1) 0.68
. FA16:0
Creatinine 1.59 PC(16:0/14:0) 0.74
DAG(18:1/22:6 1.08
Glucosamine 1.46 ( / ) TAG52:4- 1.17
— Age 1.04 FA16:1

Amiloride 1.42

CE(18:4) 1.10
N- 0.71
Acetylneuraminic Age 1.09
acid
Mannose 0.73
Male 0.85
Age 1.07
Creatine 1.02
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Chapter 5

Discussion

The methods developed over these chapters represent efforts towards more principled un-
certainty quantification across the data analysis workflow in high dimensional regression
tasks. The approaches taken are necessarily domain and task-specific, and the structure
of the data defines the distinction between the methods in these chapters. For instance,
the dimensionality in these tasks comes from different sources. In Chapter 2, past monthly
precipitation is modeled as unknown parameters, so that the high dimensionality comes from
the many months for which a reconstruction is desired, and structure is imposed through
the use of priors on the monthly precipitation relationship, both through autocorrelation
and through the use of weights to constraint which months are informed by the proxies. In
Chapter 3, reconstructions of past temperature are considered at annual temporal resolution
but over a spatial field, so that the high dimensionality comes not only from the number of
years to be inferred, but also in the size of the spatial grid for which a reconstruction is desired.
In this setting, strong assumptions on the spatial covariance of temperature were crucial for
obtaining valid inference. In Chapter 4, the dimensionality comes from the large number
of highly correlated metabolites which are used to classify neurodegenerative disease status.
Here, the elastic net regularization structure was uniquely suited for the inferential task of

biomarker identification with a small sample size relative to dimension. A ridge penalty would
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not perform any variable selection and would therefore not be as useful a tool for biomarker
identification, and a LASSO penalty would select no more than n metabolites, which induces

too much sparsity in the small n, large p context of the untargeted and lipidomic profiles.

All chapters also feature approaches to imputing missing regressors. In the context of
paleoclimate reconstruction, the climate of the past is considered a missing predictor of tree
ring widths, whereas in the metabolomic analysis, missing metabolite concentrations are
predictors of neurodegenerative disease status. The treatment of missingness in both of these
applications are probabilistic in nature, relying on assumptions of multivariate Gaussianity.
The key conceptual difference in the treatment of missing data in these applications is the
role of the response variable in the imputation. The paleoclimate reconstruction task is
formulated as an inverse model, which requires the the response variable, observed proxy
values, to be used to reconstruct past climate. In contrast, the application with metabolomic
data only relies on other metabolite concentrations in order to perform the imputation, and
crucially cannot depend on neurodegenerative disease classifications in order to inform the
imputation. Another distinction between the two applications is the importance of missing
data imputation on the inferential task. Imputed climate values are the primary estimand of
interest in the paleoclimate reconstruction task, so that many samples from the posterior
distribution are drawn to characterize the distribution. In contrast, the missingness in the
metabolite concentrations are viewed as a nuisance parameter in the metabolomic study,
so that few samples from an approximate posterior distribution are sufficient to quantify

uncertainty due to this missingness.

The methods shown here provide frameworks which should be expanded on for further use.
For instance, the paleoclimate reconstruction methods shown here utilize a single proxy type
to reconstruct a single climate variable. In an idealized world, paleoclimate reconstructions
would be able to use a large proxy network to simultaneously learn proxy-climate relationships,
invert these relationships to reconstruct multiple climate variables, and interpolate information

across space to estimate full spatiotemporal fields of climate over long timescales. In addition,
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the methods of the first two chapters would be combined by creating a proxy network which
contains multiple proxy measurements at each site rather than containing a single site-level
record. While these extensions all fit naturally into the Bayesian framework, incorporating
these elements into a single model will prove to be computationally challenging, and carefully
chosen assumptions will be required for each proxy type and each climate variable of interest
to ensure that the model is well posed. Computational advances for Bayesian inference,
including approximate and efficient high dimensional Bayesian samplers, will go a long way

towards making fully probabilistic paleoclimate reconstructions feasible.

The predictive models in Chapter 4 suggest that the metabolome contains biological
information that can be used to identify neurodegenerative disease. The inference performed
across the three metabolomic profiles provide a starting point for identifying potential
biomarkers, but represent just the beginning of the research process. Targeted studies should
be conducted on the potential biomarkers identified here to understand the biological processes
underlying the results shown in this predictive analysis. Longitudinal studies will need to be
conducted to better control for all of the unobserved confounding effects that are implicitly
present in these cross-sectional metabolomic panels. Studies similar to the one shown here
should be repeated as new advances in metabolomics assays develop, as the improvements in
metabolite identification will reduce sampling variability and measurement error. Libraries
for targeted metabolomics will also expand over time and become more robust as scientific
understanding improves, which will allow for better metabolite identification and shrink
the observed gap in predictive skill between the targeted and untargeted assays. Statistical
theory for inference in elastic net regression and in post-selection inference is an active area
of research and should be monitored, especially for the non-asymptotic setting needed to be

useful with such a small sample size as shown here.

A common theme of this work is that the methods and assumptions rely on properties of
the data which are only known through subject matter expertise. Methodological progress in

both paleoclimatology and high throughput biology will require close collaboration between
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domain scientists and statisticians. Furthermore, the data used in these two fields of study
share many statistical characteristics, suggesting that research in both fields would benefit

from ongoing conversation between statisticians working in different applied fields.
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Appendix A

Chapter 2 Appendix

A.1 Details of the statistical model

The fully written out model is;

log (tree-ring Width)m = Boi + Baiage;, + Beclimate, + 1, + €

12
climate; = E wiclimatey,
7j=1

climate;, ~ N(u,02))

ar

climate;,, — p = ag.(climate;,, | — p) + €4

mzN(O 02)

UM

One = \/’Yo +nn? + Y207,
exp(fy,)
12

Zj:l exp(Qj)

em ~ N12<winput7 E)

Wy, =

azexp{—#min{k — 4,7+ 12— k}} j<k
Yk =

o® 4 o7, +0.001 j=k
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1) ~ N(0,1)
p ~ Inverse-Gamma(5, 5)
o~ N(0,1)
éar ~ N(0,07,)
€is ~ N(0,07)
Bai ~ N(0,1)
Bo,i ~ N(puo, o3p)
puo ~ N(0,57)
Betomy ~ N(0,5%);
‘750(0,00) ~ N(0,5%)
Ugr(o,oo) ~ N(0,5%)
O-i2(0,oo) ~ N(ps, 03)
p1s ~ N(0,5%)
log(os) ~ N(0,1)
Y0(0,00) ™ N(0,1)
Y1(0,1) ™ N(0,1)

P2(0,1-7) ~ N (0, 1)

for ¢ indexing over trees, t, indexing over months u in years ¢, and 7,k = 1,2,...,12
indexing over months. The first seven equations of this model are described in the main text,
with the logarithm of TRW being modeled as a function of age and a weighted average of
monthly climate, with an autoregressive(1) model over the months with parameters (c, 02,)
and a zero mean model discrepancy term 7; with a generalized autoregressive conditional

heteroscedasticity(1,1) model accounting for changes in variance over time. The monthly

climate variable chosen is log(precipitation + 0.001), where the offset 0.001 is used to avoid
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the problem of log being undefined at 0. We found that the age coefficient was very close to

zero in our case study, and so we encourage that shrinkage to 0 by using a standard normal

2

-, whose

prior for all 3,,. This is in contrast to the varying intercepts f,,; and variance o
pooled mean and variance is learned from the data. The subscript under each parameter
indicates if its range was truncated (for example, a1y indicates that the autoregressive
parameter « is restricted to lie between 0 and 1). Given the variable standardization, these
prior choices (e.g. on the variances) are weakly informative. Models are run in stan with
4 chains of 5000 iterations for all experiments except for the sensitivity analyses In Fig S3,
which are performed with 1000 iterations each. In all cases, the first half of the iterations are
used as warmup.

We suspect that these monthly weights are correlated in time (e.g. the weight correspond-
ing to July is correlated with those in June and August), so we place a hyper-prior on the
logarithm of the weight parameters, namely, multivariate normal with covariance matrix
(specified above by just the upper diagonal, by symmetry): This covariance specification
encodes prior belief that weights in nearby months should be similar to one another, and
is defined so that distances between months respects the annual cycle (e.g. the correlation
between December and January is the same as the correlation between January and February).
Prior information about the growth-dominant season is encoded in the hyperparameter wjpu:
(a vector of length 12), which is supplied by the user. Many different choices of covariance are
possible; the one presented here is an example of a squared exponential kernel. If information
about the relationship between months is known, then the functional form of the covariance

matrix can be modified to better encode this information into the analysis.
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A.2 Eliciting informative prior weights

In our proposed model, the hyperparameter w,,,: can be specified to encode prior knowledge
of the tree-ring width growth-dominant season. In the main text, an uninformative uniform
prior across the months is chosen to evaluate the model’s skill at learning a target through
data alone. However, when prior knowledge is available, an informative choice of wj,p,; can
improve both model skill and runtime. Selecting values of these parameters that accurately
reflect expert knowledge can be done through prior simulation, whereby pseudoproxies are
generated using the specified model parameters to be evaluated. Our model can naturally be
used to generate pseudoproxies by simulating random variables from the prior distributions
of the regression parameters, weights, and precipitation (done iteratively through the AR(1)
process) and applying the regression equation. Repeating this procedure for different values
of Wippye allows us to evaluate the impact of Wy on the final range of admittable weights
w that we encode in the prior. This allows for a flexible approach to finding hyperparameter
values that accurately reflect prior knowledge. Here is one such example of a procedure for
determining wjypy: first, suppose I know roughly what proportion of weight I expect in each
month (e.g, I expect a tree-ring width archive grows equally in DJF). This suggests that
the w;ypy: values for DJF should be the only nonzero entries. Suppose also that I know the
maximum allowable weight I would want for non-DJF months (e.g., I really do not expect
July weights to be larger than 0.5). This provides guidance for choosing the magnitude of the
nonzero elements in wj,p,, as we can generate pseudoproxies with larger and larger nonzero
values of Wiy, until the prior weight for non DJF months has, say, 90% of its mass under
0.5. An example of this workflow with pseudoproxy data is available in the github repository
(/notebooks/prior_sim.qmd), and a review of prior elicitation procedures is available in

[183).
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Figure A.1: Demonstration of the proposed model with VSLite pseudoproxies.
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As in Fig. 2, but using VS-Lite to produce the pseudoproxies with SNR of 0.75 and setting

growth outside of DJF to 0.
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Figure A.3: Sensitivity of the weight inference to prior choice and SNR in VS-Lite pseudo-
proxies with growing season truncated to lie solely in DJF. The posterior mean and 90%
credible intervals of monthly weights for pseudoproxies with varying SNR (0.25, 0.5, and 0.75),
using (a) an uninformative prior with wiypye = 1 in all months, (b) a prior with winpu =

in SONDJF and 1 in all other months, and (c) a prior with wiype = 10 in DJF and 1 in all
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blue oaks, choosing DJF as the reference season to facilitate comparisons with Figure 3c.

Calibration and reconstruction time periods match that of Section 3.3.
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Appendix B

Chapter 3 Appendix

-120_38.84211 4 |

-120_36.94737 |

-117.5_36.94737 I l

-117.5_33.15789 4 | |

-115_40.73684 | |

-115_38.84211 4 ‘ I

-112.5_35.05263 ‘ |

-110_44.52632 }—{

-110_42.63158 |

-107.5_40.73684 4 | |

-107.5_38.84211 }—{

-105_40.73684 | l

-105_38.84211 1 | |

0 500 1000 1500 2000
year

Figure B.1: Temporal availability of proxies at each gridcell in the subset of PAGES2K
being used. Each row represents a gridcell containing proxy data, with the length of the bar
representing the years with data in at least one chronology.
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Figure B.2: Ridge regression coefficients (i.e. the posterior mean coefficients) for estimating
the spatial mean over all shown gridcells, given pseudoproxies in the colored gridcells. Each
location’s temperature time series is normalized to have mean 0 and variance one prior to
model fitting, so that the coefficient is unitless.

B.1 Prior specification

The following prior distributions are shared across all model iterations, unless specified

otherwise.

Xy~ an(:uxa 03)
e ~ N(O7 0-13)
Tn(0,00) ~ Nty 5%)

a(O,l) ~ N(O, 1)

99



p ~ Inverse-Gamma(5, 5)
Boi ~ N (o, 5%)
B ~ N, 5%)
puo ~ N(0,10%)
w1 ~ N(0,10%)
0-7ﬁ2(0,oo) ~ N(0,5%)
pe ~ N(0,5%)
T2 000y ~ N(0,57)

f1y ~ N(0,10%)

X refers to a yearly climate variable, standardized at each spatial location to have mean
zero and unit standard deviation. Subscripts on the normal distribution are used to indicate
the dimension of multivariate normal distributions. For indexed variables with univariate
priors, the prior distribution is iid across the indices. Interval subscripts on the variable name
refer to parameters whose distributions are truncated to fit the described interval.

Models are fit using the probabilistic programming language Stan [184], accessed through
the programming language R. Each model is run with 4 chains of 5000 iterations for all
experiments, with the first half of the iterations in each chain used for warmup. Convergence
is assessed using R, B-FMI, and bulk effective size metrics, in addition to visual inspection of

the draws.
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Appendix C

Chapter 4 Appendix

C.1 Abbreviations

The following abbreviations are used in the manuscript:
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MDPI
DOAJ
AD
PD
CSF
LEDD
GBA
OR
ROC
AUC
MSEA
PCA
CE
CER
DAG
DCER
FFA
HCER
LCER
LPC
LPE
pPC

PE
SM
TAG

Multidisciplinary Digital Publishing Institute
Directory of Open Access Journals
Alzheimer’s Disease

Parkinson’s Disease

Cerebrospinal Fluid

Levodopa Equivalent Daily Dosage
Glucosylceramidase

Odds Ratio

Receiver Operating Characteristic
Area Under the ROC Curve
Metabolite Set Enrichment Analysis
Principal Component Analysis
Cholesterol Ester

Ceramides

Diacylglycerol

Dihydroceramides

Free Fatty Acids

Hexosylceramides
Lactosylceramide
Lysophosphatidylcholine
Lysophosphatidylethanolamine
Phosphatidylcholine
Phosphatidylethanolamine
Sphingomyelin

Triacylglycerol
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C.2 Summary of data by phenotype
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Figure C.1: (a) Distribution of subject age, split by phenotype. (b) a comparison of

missingness between profiles, split by phenotype

C.3 Flowchart of analysis

CSF samples from 85 healthy
subjects, 56 PD subjects, and PCA
57 AD subjects

[ |

Untargeted metabolomics Targeted metabolomics Lipidomics
(LC coupled to Q-TOF-MS) (LC-MS/MS) (Sciex Lipidizer)
p=6734 p=108 p=1070
Multivariate . Multivariate Metabolite Set Multivariate
Classification Pathway Analysis Classification Enrichment Analysis Classification
(AD v Control, (AD v Control, (AD v Control,
PD v Control, PD v Control, PD v Control,
ADV PD) AD v PD) ADV PD)

Figure C.2: Flowchart outlining the analysis performed on each of the three profiles.
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C.4 Distribution in date of LP draws
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Figure C.3: Distribution of sample collection date, split by phenotype.

104



C.5 Univariate untargeted patterns of missingness
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Figure C.4: For metabolites with widely varying amounts of abundance missingness by
phenotype (AD, PD, age-matched controls), PD tend to have the least missing data. Plotted
is the percent missingness of untargeted metabolites for which univariate logistic regressions
classifying its missingness across subjects using phenotype contained a FDR < 0.05. The
controls used for this analysis were found by matching each member of the AD/PD cohort to
the control of closest age, removing duplicates. Metabolites are listed by their retention time,

neutral mass (DA), and mode, with each value separated by an underscore
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C.6 Precision-Recall curves and threshold-dependent met-

rics

Precision-Recall curves using the untargeted profile

AD vs Controls PD vs Controls AD vs PD
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Figure C.5: Precision-Recall Curves for binomial elastic net regressions classifying (a) controls
against subjects with AD, (b) controls against subjects with PD, and (c) subjects with AD
against subjects with PD, using the same predictions as Figure 4.2.Each line represent models
formed using one of the five missing data imputed datasets. The average Area Under the

Curve (AUC) is displayed in the bottom right.

Metric ADvC PDvC ADvVvPD
F1 score 0.63 0.97 0.93
Sensitivity 0.79 0.96 0.95
Specificity 0.52 0.99 0.91
Positive predictive value 0.52 0.98 0.92
Negative predictive value 0.79 0.98 0.94

Table C.1: A display of various cutoff-dependent metrics, using the same leave one out
predictions displayed in Figures 4.2 and C.5. In each case, the cutoff is chosen to maximize

F1 score.
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C.7 ROC curves of predictive models including age and

sex
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Figure C.6: ROCs displaying leave one out predictive accuracy of models including age and
sex rather than detrending each metabolite. Age and sex are not penalized in the elastic
net procedure to reflect the known associations between age and sex with AD and PD. As
expected, we generally find that the predictive performance of these models is slightly better

than those presented in the main analysis.
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C.8 MSEA output tables

Table C.2: Metabolite Set Enrichment Analysis: Output of MSEA on the targeted profile
based on metabolites significant for PD classification in univarate logistic regression. Set are
the pre-defined metabolite sets in the SMPDB (left) and CSF disease library (right). Total is
the number of metabolites in these sets, hits is the number of metabolites shared between
the pre-defined sets and our input list, and expected is the expected number of metabolites

shared by random chance, using the cumulative hypergeometric distribution.

SMPDB CSF disease library

Set Total Expected Hits Set Total Expected Hits
Carnitine Synthesis 3 0.67 2 Aging-Related Metabo- 3 1.1 2
Betaine 4 0.90 2 lites
Metabolism Leukemia 13 4.8 3
Methionine 8 1.79 3 Alzheimer’s Disease 14 5.2 3
Metabolism

Different Seizure Disor- 12 4.5 1
Tyrosine 3 0.67 1 ders
Metabolism

Schizophrenia 13 4.8 1
Glycine and Serine 13 291 4
Metabolism
Arginine and Pro- 8 1.79 2

line Metabolism

Tryptophan 8 1.79 2
Metabolism
Histidine 4 0.90 1
Metabolism
Urea Cycle 5 1.12 1
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C.9 Removing batch effects for PD vs Control analysis

Batch effects and other sources of unwanted variation are often a problem in metabolomic
analyses [185]. As mentioned in the discussion, the result of near perfect classification of the
PD against controls in this study is largely limited by potential artifacts introduced by the
processing differences between the PD samples, compared to the AD and control samples.
For example, CSF was collected from the AD and control subjects much earlier than the
PD samples, which makes it difficult to disentangle the impacts of disease phenotype on
metabolite profiles from the impacts of long term storage time. To explore the effect of storage
time in our dataset, we isolated just the control subjects, whose samples were collected and
stored over a period of 7 years (see Figure C.3). Then we used univariate linear models to
regress each metabolite against storage time, and extracted p-values for the test that the
slope is zero. We find that of the 41 targeted metabolites reported in Table 3, 9 of them had
a relationship with storage time (i.e had a BH-corrected p value less than 0.05). However,
5 out of 9 of these metabolites exhibited the opposite relationship with time compared to
what we would expect if storage time was the primary driver of the predictive power in the
main analysis. For example, Table 3 reports that PD subjects in our dataset had decreased
concentrations of HIAA compared to controls. If storage time was the true source of this
association, then we would expect HIAA to have a negative relationship with storage time
(because PD samples were collected after control samples). However, HIAA is positively
associated with storage time, suggesting that storage time alone is not the sole driver of our
predictive models. The four metabolites whose relationship with PD is consistent with their
relationship with storage time are cystine, xanthosine, glycocyamine, and 4-aminobutyric acid.
We find that removing these four metabolites from our predictive models does not change
the classification performance reported in Section 4.3.2, still retaining an AUC around 0.8.
Future work is needed to further study the impact of long term storage time on metabolomic
profiles, but this exploratory analysis of the targeted profiles of control subjects over a 9-year

span provides weak evidence that our findings are not driven solely by storage time. However,
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there are other potential statistical artifacts that might have been introduced by processing
differences between batches, and most of them cannot be measured or corrected for in our
dataset. In the remainder of this section, we explore methods of mitigating these concerns by
leveraging our unique situation of having three different disease phenotypes but only two
batches.

The first approach involves retroactively comparing predictions from the models presented
in Section 4.2.3, taking advantage of the following line of reasoning: if the primary signal
driving our model predictions is batch effects, then a model fit to classify AD against PD
should tend to classify control subjects as AD, and a model fit to classify PD against controls
should tend to classify AD subjects as controls (because AD and control subjects were
processed together). We find that this is not the case in our data — the class probabilities in
both cases are centered near 0.5, which suggests that our models are picking up more signal
than just the batch effect. The second approach instead attempts to remove batch variation
before fitting a model. Here, the goal is to fit a model to classify PD from controls using data
which has batch effects removed. To remove batch effects from the metabolite concentrations,
we add a preprocessing step to our methods to remove any signal in the dataset that classifies
AD from PD. In particular, we do the following in each cross-validated loop:

for each observation (control or PD):

1. Fit an elastic net regression model to classify on AD/PD to get coefficient vector 5. If

the left-out observation is a PD subject, exclude it from this model.

2. Orthogonalize all control and PD observations ({z;}_;) by the coefficient vector,

computing

KRR FTE (©1)

3. Use the orthogonalized data to fit a model to classify PD from controls (using the n-1

observations)

4. Use the model to predict the class probability on the left out observation

110



b Intuitively, the orthogonalized dataset resulting from this procedure is unable to distinguish
differences between AD and PD. This includes true metabolomic signal separating the two
neurodegenerative diseases, but more importantly, it includes processing differences between
the Control/AD batch and the PD batch. Fitting models on this new orthogonalized dataset,
we find that we mostly lose the ability to classify AD (AUC between 0.5-0.7 across the different
profiles and imputations), but still retain some predictive power to classify PD from controls
(AUC between 0.7-0.9). Figure C.7 displays the predictive accuracy of these models fit on the
orthogonalized targeted profiles. To evaluate the effectiveness of the orthogonalization, we
adapt ideas from [185|, comparing the results of univariate logistic regressions fit to classify PD
from controls, before and after orthogonalization. We find that of eight differentially abundant
metabolites in the targeted profile before orthogonalization, four of them remain differentially
abundant after orthogonalization (here, differentially abundant refers to BH-corrected p-values
< 0.05). These metabolites are 2-aminoadipic acid, 6-methyl-DL-tryptophan, adenosyl-L-
homocysteine, and lysine. For the other profiles, the orthogonalization process makes minimal
changes to individual metabolites, hence univariate tests produce identical results before and

after orthogonalization
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ROC curves after batch correction (targeted profile)
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Figure C.7: ROC curves displaying leave one out predictive accuracy of models fit on the
targeted profile after the batch orthogonalization procedure. We find that these models are
largely unable to distinguish AD from controls after this procedure, and are still able to

distinguish PD from controls (but with less predictive accuracy compared to the results in

main analysis).
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Comparison of univariate p-values before and after orthogonalization
Targeted profile, logistic regression classifying PD vs control

p <0.05?
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Figure C.8: Comparison of univariate p-values before and after orthogonalization, using
univariate logistic regressions fit on the targeted profile to classify PD against controls.
p-values are Benjamini-Hochberg corrected within each dataset, with a —log;y transformation
applied. The y = x line is also drawn, with values above the line representing metabolites
which are more differentially abundant after orthogonalization. Points are colored according to
false discovery rate cutoffs of 0.05, indicating whether a metabolite is considered differentially

abundant in both analyses, only one analysis, or in neither analysis.
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C.10 Lipids tables for discriminating AD from PD

Table C.3: Names and OR (associated with a standard deviation increase in concentration)
for lipids retained in all five elastic net models fit on the full data to classify PD patients
against AD patients. A metabolite with OR > 1 indicates that higher concentration is
associated with AD in our models. Only ORs with magnitude greater than 1.1 or less than

0.9 are shown here.

Lipid OR + 2SD (> 1) Lipid OR + 2SD (< 1)

PC(18:1/18:2)

1.79 (1.32, 2.41)

PC(18:1/20:4)

1.79 (1.55, 2.05)

FFA(20:3)

1.75 (1.62, 1.9)

DAG(16:0/18:1)

1.55 (1.25, 1.93)

FFA(18:3)

1.43 (1.13, 1.82)

CE(16:1)

1.34 (1.21, 1.48)

PC(18:0/22:6)

1.27 (1.06, 1.52)

TAG53:2-FA18:1

1.23 (0.99, 1.54)

PC(16:0/22:5)

1.19 (0.95, 1.48)

CE(20:3)

1.16 (0.93, 1.45)

PC(18:1/16:1)

1.14 (1.01, 1.28)

PC(18:0/18:2)

0.62 (0.38, 1)

PE(P-16:0/18:1)

0.64 (0.44, 0.91)

PE(P-18:0/20:4)

0.7 (0.63, 0.79)

TAG48:1-FA16:0

0.72 (0.55, 0.93)

FFA(20:4)

0.72 (0.63, 0.83)

TAG46:0-FA16:0

0.75 (0.57, 0.99)

CER(14:0)

0.78 (0.61, 0.99)

PE(P-18:0,/22:6)

0.78 (0.73, 0.83)

HCER(18:0)

0.79 (0.72, 0.88)

PE(18:0/20:4)

0.8 (0.63, 1.02)

TAG48:0-FA14:0

0.82 (0.68, 0.98)

TAG55:4-FA18:1

0.84 (0.72, 0.99)

DAG(20:0/20:0)

0.86 (0.65, 1.14)

PC(18:0/18:0)

0.87 (0.76, 1)

CE(15:0)

0.88 (0.75, 1.03)

C.11 DMetabolites appearing in all leave one out models

To make the most of the limited size of our dataset, discriminative performance was estimated

by fitting a separate model to each sample for each of the five missing data imputations,
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as described in Section 4.2-4.2.3. This results in 5n models for each sample in each profile,
where n is the total number of samples used for that model. For example, there are 56 PD
patients and 85 controls, so there are 5% (56 4+ 85) = 705 models fit to discriminate PD against
controls using the targeted profile. Here, we list all targeted metabolite and lipids that appear
in all 5n models. We note that there were no untargeted metabolites that appeared in all
models, which explains their exclusion from these models. The average odds ratios across
these models are reported to describe the sign and relative weight of these features in their
respective profiles. A two standard deviation interval is also included to quantify uncertainty
across leave one out iterations. The first phenotype listed in each table represents the “1”
class in the odds ratios, e.g. threonine has a mean odds ratio greater than 1 in the PD vs
control table, meaning that higher concentrations of threonine were consistently found in PD

patients in our data.

Table C.4: Targeted metabolites and lipids appearing in all leave one out models, for each

modeling task.

PD vs control AD vs control AD vs PD

Profile Name Mean OR Profile Name Mean OR Profile Name Mean OR
+ 2SD + 2SD + 2SD

Lipids  HCER(24:0)1.22 (1.15, Targeted 1- 1.27 (1.02, Lipids  FFA(20:3) 4.03 (2.66,
1.3) Methyladeno#ih8) 6.11)

Targeted Threonine 1.19 (1.08, Targeted Sarcosine 1.12 (1.05, Targeted Glycylprolind.53 (0.33,
1.32) 1.19) 0.85)

Targeted Methylguanidid® (1.11, Targeted Alanine 1.08 (1.03, Targeted Lactate 1.57 (1.1,
1.26) 1.14) 2.23)

Lipids PC(16:0/22:6).16 (1.03, Lipids CE(20:3) 1.07 (0.99, Targeted Creatinine 0.75 (0.62,
1.3) 1.15) 0.9)

Targeted Dimethylargihibfe (1.03,
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