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Abstract

Data-driven understanding of the global carbon and water cycles through ecosystem
phenology and water use efficiency

by
Xinchen Lu
Doctor of Philosophy in Environmental Science, Policy and Management
University of California, Berkeley

Associate Professor Trevor F. Keenan, Chair

The carbon and water cycles in global terrestrial ecosystems hold significant importance due
to their unique influence on biosphere-climate interactions. In my dissertation, I adopted a
data-driven method to deepen our understanding of these global cycles. In the first chapter,
I enhanced the AmeriFlux data product, resulting in the creation of a publicly accessible
dataset named ONEFlux BETA. This process entailed the downscaling, gap-filling, and
partitioning of flux observations from 63 distinct flux tower sites. Subsequent chapters
employed this dataset, paired with other global data such as FLUXNET 2015, MODIS
observations of phenology, and remote sensing observations of vegetation indices, to examine
ecosystem autumn phenology and water use efficiency. Specifically, in the second chapter,
I investigated the connection between photosynthesis during the growth season and end-
of-season (EOS) senescence across various ecosystems, using data from 40 flux tower sites.
This analysis challenged existing theories by revealing no significant negative correlation
between growing season photosynthesis and EOS. On the contrary, more productive growth
seasons are often associated with a delayed EOS in diverse ecosystems. The third chapter
shifted the focus to water use efficiency (WUE) and its responses to water stress, factoring
in variables such as vapor pressure deficit (VPD) and soil moisture. The results indicated a
more consistent response to VPD across most sites. My dissertation showcases a data-driven
approach to understanding ecosystem dynamics, with a particular emphasis on the carbon
and water cycles of terrestrial ecosystems, harnessing data from global flux tower sites.



Dedicated to my younger self, who decided to traverse this challenging life experience and
the journey across the world to do so.
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Introduction

Global terrestrial ecosystems play a pivotal role in the Earth’s climate system, with the car-
bon cycle acting as a fundamental component in balancing atmospheric constituents (Keenan
and Willam 2018). Concurrently, the terrestrial biosphere absorbs an average of 15% of at-
mospheric carbon annually through primary productivity, yet returns nearly all of it via
ecosystem respiration (Friedlingstein et al. 2022). The equilibrium of this cycle has been
challenged by human activities, notably fossil fuel combustion and land-use changes since
the Industrial Revolution, leading to elevated atmospheric CO; concentrations. Nevertheless,
terrestrial ecosystems have demonstrated resilience by functioning as natural land carbon
sinks, absorbing approximately one-third of human-induced C'O, emissions and storing car-
bon in plant biomass and soils (Ballantyne et al. 2012).

The global water cycle is also integral to climate regulation, with evapotranspiration (ET),
the transfer of water from the land to the atmosphere through both evaporation from soil and
surfaces and transpiration from plants which act as its second-largest component, following
precipitation (Pr) (Oki and Kanae 2006; Green et al. 2019). Global warming is expected
to intensify the global hydrological cycle, leading to increases in both ET and precipitation;
however, the precise magnitude and spatial distribution of these impacts remain uncertain
(Konapala et al. 2020). Measuring ET accurately at large scales is challenging due to obser-
vational and measurement constraints, necessitating reliance on various methods including
models, remote sensing by proxy, and upscaling of point measurements, each of which is
sensitive to the specific input data and applied algorithms or models (Mueller et al. 2011;
Fisher et al. 2020). Therefore, accurately constraining land ET is essential for predicting
alterations in surface climate, such as heatwaves and droughts, assessing the repercussions
on ecosystems and water resources, and crafting effective adaptation strategies, highlighting
the pivotal role of the global terrestrial ecosystem water cycle in addressing climate change
(Konapala et al. 2020).

The interconnectedness of carbon and water cycles is foundational to ecological functioning,
forming a symbiotic relationship that governs the balance of life on Earth. Within this inter-
connected framework, Water-Use Efficiency (WUE) emerges as a pivotal trait, quantifying
the adeptness of plants in utilizing water to achieve carbon gain (Keenan et al. 2013; Beer
et al. 2009). It serves as the nexus between global carbon, water, and energy budgets, pro-
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viding essential insights into plant responses to water stress. At the ecosystem level, WUE is
calculated as the ratio of carbon uptake through photosynthesis to water lost through evap-
otranspiration, revealing variations across different plant species due to factors like stomatal
conductance, photosynthetic rate, and plant water status (Lavergne et al. 2019). This met-
ric is instrumental for understanding how different species, particularly those with varying
levels of drought resistance, regulate water loss and adapt to water stress. Ultimately, a
nuanced understanding of WUE is vital for predicting plant adaptations to climate change
and enhancing the resilience of ecosystems to drought scenarios (Yi et al. 2019).

To study the terrestrial ecosystem carbon and water cycles at global scales, several observa-
tional methods have been developed. For instance, gas chambers, inventories and surveys,
flux tower observations, satellite observations, isotope analysis, and ecosystem models have
been devised to monitor the ecosystem carbon cycles (Ryu et al. 2019). Similarly, for ob-
serving global water cycles, the development of flux towers and satellite models has been
instrumental (Fisher et al. 2020). Among these, flux tower observations stand out as a
prominent method. Flux towers are ground-based observation stations that continuously
monitor exchanges of carbon dioxide, water vapor, and energy between the ecosystem and
the atmosphere, providing high temporal resolution data (Baldocchi 2008). This enables a
deeper understanding of the diurnal and seasonal variations in carbon fluxes across various
ecosystems. With this network, scientists can develop a data-driven approach to assess the
flows of carbon, water, and energy to and from the terrestrial biosphere, spanning the diverse
time and spatial scales over which the biosphere operates.

In my dissertation, I leverage data-driven approaches to investigate the global water and
carbon cycles. Chapter 1 addresses the enhancement of the AmeriFlux network dataset,
essential for monitoring land-atmosphere interactions. The AmeriFlux BASE dataset, with
data from 514 operational sites in 2021, lacked critical partitioned data, rendering it un-
suitable for studies focusing on ecosystem productivity, phenology, and water use efficiency
(Chu et al. 2023; Novick et al. 2018). To remedy this, I improved the data quality and reli-
ability for 63 sites by utilizing the ONEFlux processing pipeline and integrating additional
data from the ECMWEF ERA-Interim dataset. This improvement, detailed in Chapter 1, is
crucial, as the partitioned data it provides forms the basis for my detailed examination of
ecosystem productivity, phenology, and water use efficiency in Chapters 2 and 3, offering a
comprehensive and cohesive dataset for these specific studies.

In Chapter 2, the examination shifts focus to the dynamics of the ecosystem phenology, em-
phasizing its pivotal role in regulating carbon, water, and energy fluxes in ecosystems. By
analyzing data from 40 eddy-covariance flux tower sites, along with additional observational
tools, a novel discovery emerged. It was revealed that heightened productivity during the
growing season is not associated with its ecosystem senescence dates, which runs counter to
several prevailing assumptions in the field.
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Chapter 3 investigates the hypothesis that water use efficiency (WUE) in various ecosystems
responds distinctly to water stress, influenced by factors like plant physiology and the extent
of atmospheric and soil aridity. Utilizing flux tower observations from 64 sites across 753 site-
years, I assess the response of three WUE metrics—WUE(ET), WUE(T), and iWUE—to
dry conditions. The analysis reveals that while ecosystem WUE is impacted by both de-
creased soil water content (SWC) and increased atmospheric water demand (vapor pressure
deficit, VPD), a more consistent response is observed to VPD, especially in arid regions.
This study aims to clarify the complex relationship between WUE and water stress, explor-
ing how adjusting WUE for VPD with iWUE demonstrates less variation across different
environmental conditions, thereby muting the effects of atmospheric water stress.

To summarize, this dissertation serves as a testament to the pivotal role of methodical,
data-driven approaches in unraveling the multifaceted dynamics governing global water and
carbon cycles, offering a foundation for further scholarly inquiries in the domain.
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Chapter 1

ONEFIlux BETA release for a data
driven approach to understand the
global carbon and water cycling

Xinchen Lu!?, Trevor F. Keenan'-?

1, Climate and Ecosystem Sciences Division, Lawrence Berkeley National Laboratory, Berke-
ley, CA, USA

2, Department of Environmental Science, Policy and Management, University of California,
Berkeley, CA, USA

This chapter details the tools and techniques I used to develop the AmeriFlur ONEFlux Beta
dataset, which is now published at hitps://amerifluz.lbl.gov/data/download-data-onefluz-beta,/.

Abstract

Flux towers are advanced ground-based instruments that continuously monitor the exchange
of substances like carbon dioxide, water vapor, and energy between land and atmosphere.
They provide valuable and continuous data necessary for thorough ecosystem studies. From
the beginning, AmeriFlux researchers recognized the importance of a coordinated, network-
based approach to their work. This innovative strategy led to new insights into the interaction
between land and atmosphere. By 2020, the AmeriFlux network had expanded significantly,
with 514 active sites and a total of 2537 years worth of data. Impressively, many of these
sites have been collecting data for over a decade. However, there was a limitation in using
this data for some research purposes, especially studies requiring gap-filling, and studies
that focused on ecosystem respiration and/or photosynthesis. This was mainly because the
data had gaps and was not presented in a way that is comparable to existing data products.
In this chapter, I describe efforts to improve data quality for 63 AmeriFlux sites using the



1.1. INTRODUCTION 7

Open Network-Enabled Flux (ONEFlux) processing pipeline. This is an upgrade from a 2019
preliminary version that covered only 17 sites. To address the data gaps, I used the ECMWF
ERA-Interim dataset, and then incorporated this improved data into the ONEFlux system.
The result indicated that overall, this data set showed a consistency with formerly available
data set of FLUXNET 2015, with the average R2 of the daily sum of net ecosystem exchange,
ecosystem respiration, gross primary production, latent heat and sensible heat at 0.95, 0.96,
0.97, 0.99 and 0.99 respectively for the sites that have overlapping observations. While there
are some discrepancies with different flux tower observation processing approaches such as
results from ReddyProc, their products tended to show similar seasonal cycles. As a result,
this data set has been published as an AmeriFlux ONEFIux beta product, and has been
downloaded more than 168 times since its release.

1.1 Introduction

To understand the intricate interactions between the biosphere and climate, it is imperative
to understand the carbon exchanges between ecosystems and the atmosphere (Booth et al.
2012; Fan et al. 1998). Concurrently, gaining insight into the associated water and energy
fluxes is equally essential (Jung et al. 2010). Eddy covariance flux towers have proven to be
invaluable tools in this regard (Aubinet et al. 2012; Baldocchi 2008). These towers continu-
ously measure and estimate exchanges of carbon dioxide, water vapor, and other gas between
the atmosphere and underlying ecosystems (Baldocchi 2003). By capturing turbulent ed-
dies, or air currents, and the gas they carry, they provide uninterrupted observations. Such
continuous monitoring offers profound insights into ecosystem functions, carbon and water
balances, and the effects of land-use changes on carbon, water and energy fluxes (Goulden
et al. 1996).

Different ecosystems may respond in varied ways to climate change (Gian-Reto et al. 2002).
To capture this diversity, network-based approaches have been introduced to offer a compre-
hensive view of biosphere-climate interactions across different scenarios (Jones et al. 2010).
These methods not only pave the way for multi-scale studies but also furnish a data-driven
foundation for understanding broad ecological interactions (Rundel et al. 2009). A prime
example of this strategy is the National Ecological Observatory Network (NEON) program
(Kampe et al. 2010). This initiative was designed to augment our capacity to extrapolate
research findings to wider spatial realms by instituting a standardized set of measurements
or indicators. Furthermore, it fostered collaboration among researchers both internally and
across disparate monitoring networks. For scientists probing the global dynamics of water,
carbon, and energy cycles, a robust technique involves amalgamating and synthesizing flux
observations from multiple eddy covariance towers (Baldocchi 2008). By adopting this ap-
proach, we have synthesized global observations that have enabled nuanced research into
myriad topics. For instance, with the aid of these globally dispersed flux tower observations,
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we can now discern the contrasting responses of isohydric and anisohydric species to arid
conditions (Yi et al. 2019).

Numerous flux tower networks have been established around the world. Notable examples in-
clude FLUXNET (Baldocchi et al. 2001) and EuroFlux (Aubinet et al. 1999; Berbigier et al.
2001). Other regional networks like Oz-Flux and Asia-Flux are also emerging as significant
contributors to this research (Beringer et al. 2022; Isaac et al. 2017; Yu and Hirano 2021).
In the Americas, the AmeriFlux network stands out as the leading continental-level flux
tower network. Founded over two decades ago by a trailblazing group of scientists, Ameri-
Flux started as individual monitoring efforts at separate sites and site-clusters (Novick et al.
2018). These towers facilitate the continuous observation of variables like the net ecosystem
exchange of CO2 (NEE), evapotranspiration (ET), and other crucial land-atmosphere inter-
actions.

The roots of the FLUXNET 2015 dataset can be traced back to pioneering efforts like the
Marconi datasets of 2000 and the influential 2007 La Thuile dataset. These earlier datasets
laid the groundwork for advanced environmental data collection and analysis. Building upon
this legacy, the FLUXNET 2015 dataset, sourced from flux tower networks, represents the
culmination of these efforts and provided data for more than 212 locations (Falge et al. 2001;
Pastorello et al. 2020). Notably, 63 of these sites offer over a decade of data. Its extensive
scope and reliability have established FLUXNET 2015 as both a benchmark and a vital tool,
frequently employed in various ecological research efforts. However, a significant limitation
of the FLUXNET 2015 dataset is that it has not been updated with data after 2014. The
data encompasses observations only up to 2014, excluding any subsequent records, and sci-
entists need to rely on other data sources such as satellite observations to study more recent
events (Schimel et al. 2019).

The AmeriFlux network has undergone notable growth over the past decade, encompassing
514 registered sites and amassing 2537 site-years of data, with a significant portion document-
ing observations after 2014. However, a sizable number of these sites do not offer gap-filled
and partitioned data, curbing their applicability in various research endeavors. Additionally,
in the AmeriFlux BASE dataset, principal investigators of each site were allowed to choose
the variables of interest to upload to the network, making it difficult to compare with other
datasets, such as FLUXNET 2015. In 2019, the Ameriflux data team published a BETA
version of its gap-filled and partitioned data to address this issue. However, its coverage had
not been extended to more sites and therefore limited its applications.

The AmeriFlux data team used the Open Network-Enabled Flux (ONFlux) data pipeline to
generate the BETA version of the gap-filled and partitioned data (Pastorello et al., 2020).
This code pipeline combines code developed by both the community and the team, guaran-
teeing a uniform and superior quality of data output. Generally, this pipeline consists of four
major components, which handle quality control, meteorological variables gap-filling, CO2
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flux processing, LE and H processing respectively. However, a major challenge is that the
meteorological variable gap-filling is not an integrative part of the pipeline, and therefore
gap-filled meteorological data needs to be provided in order for ONEFIux to run.

In this chapter, I detail my efforts using the ONEFluxcodes to equip AmeriFlux with a
gap-filled and partitioned data product, which has since been published in the form of the
ONEFlux Beta release. To do so, I developed an approach to use the ERA interim data
to gap-fill the meteorological variables, and applied these outputs to generate an update for
the ONEFlux data release. This effort aimed to provide a more up-to-date and easy to use
dataset for the global flux data user community.

1.2 Methods and Materials

Ameriflux BASE

By 2020, the most prominent and widely used AmeriFlux data is the Ameriflux BASE prod-
uct. In the AmeriFlux BASE product, the data team undertakes a rigorous quality control
process. This process involves merging quality-checked flux-met data, updating the BASE
DOI, and making the amalgamated BASE-BADM accessible to the AmeriFlux community.
However, many of the sites did not provide a gap-filled and partitioned product. In this
chapter, we used the BASE flux tower data product along with ONEFIlux codes to generate
a new data set of uniformly gap-filled and partitioned flux data.

As noted previously, by 2020, AmeriFlux had registered over 514 sites (Chu et al. 2023).
However, not all of these sites could be processed due to various reasons. Our study specif-
ically targeted sites that had both registered and made their data publicly available. Fur-
thermore, the Ameriflux BASE datasets contained data of different processing levels, and
we only considered sites with a processing level exceeding level 2. A key challenge was that
some sites did not possess crucial variables required for the ONEFlux pipeline. For example,
numerous sites lacked measurements like canopy height or USTAR, preventing the successful
execution of the processing pipeline. Another point of divergence within the BASE dataset
was the data presentation style. For instance, the Harvard Forest site (US-Hal) did not offer
latent heat measurements, rendering it unprocessable in its entirety. After trying to run this
pipeline at all sites, we managed to process data from 63 sites successfully.

ONEFIlux pipeline

In this chapter, I utilized the ONEFlux code pipeline, developed for the FLUXNET2015
Dataset for the data generation. This pipeline is a result of a collaboration between the Eu-
ropean Ecosystem Fluxes Database, the integrated carbon observation system (ICOS), and
AmeriFlux. It seamlessly incorporates both community and team-developed code, ensuring
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a consistent and high-quality data output (refer to Figure 1.1). Starting with half-hourly
data from FLUXNET sites, the pipeline places a strong emphasis on harmonization and
quality control and would generate flux products for each site.
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Figure 1.1: The diagram of the ONEFIlux pipeline. Adapted from the figure in Pastorello
et al. 2020

Broadly, the pipeline encompasses four major components. It initiates with the QA/QC
process. The QA/QC process starts with format conversion, ensuring data is in a uniform
structure for analysis. Next, plots for visual checks on variables are generated to identify
anomalies. This is followed by spike detection, pinpointing abrupt, unusual data changes.
Finally, data flagging based on the QA /QC process is marked for potential issues for further

examination.

Following the initial QA /QC process, the pipeline divides into three distinct segments. The
first segment focuses on sensible and latent heat. In this segment, the data undergoes
several steps: it is first flagged for any noticeable issues, then filtered to remove irrelevant or
erroneous data points. After filtering, the data is gap-filled using the Marginal Distribution
Sampling (MDS) method (Aubinet et al. 2012), addressing any missing values to ensure a
continuous dataset. Lastly, this segment includes an energy balance closure check.

Next, the net ecosystem exchange (NEE) processing takes place. Here, the USTAR threshold
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is computed using two methodologies. The Moving Point Test (MPT) and Change-Point
Detection (CPD) are methods used for USTAR threshold filtering in flux data analysis.
MPT involves progressively adjusting the USTAR value, observing changes in statistical
properties of the data at each point to find the optimal threshold (Gu et al. 2005). CPD, on
the other hand, employs statistical algorithms to detect shifts in data properties like mean or
variance, related to USTAR hereby identifying the appropriate threshold (Barr et al. 2013).
Both methods are crucial for ensuring data reliability, especially in complex environments
where turbulence significantly impacts gas exchange and were used in this pipeline. Then,
the pipeline gap-filled NEE and partitioned it into gross primary production (GPP) and
ecosystem respiration (RECO) using three different methods. The nighttime (NT), daytime
(DT), and sundown (SD) methods each uniquely partition NEE into RECO and GPP. The
nighttime method uses night data to model RECO, applying 14-day windows to account
for dynamic environmental factors, with GPP derived as the residual of NEE and RECO
(Reichstein et al. 2005). The daytime method combines day and night data, employing light-
response curves for GPP and similar temperature relations for RECO, optimized over 8-day
periods to factor in slower changes (Lasslop et al. 2010). In contrast, the sundown method,
tailored for forest sites, relies on immediate post-sundown data to avoid advection effects,
not requiring low turbulence filtering for NEE (Gorsel et al. 2009). Note that the sundown
partitioning method would only apply for forest sites where the CO2 concentration profile
for storage fluxes was available.

Another segment of the pipeline concerns meteorological variable processing, where gaps in
meteorological variables are filled using the ECMWEF Re-Analysis (ERA) interim product
downscaled from each site from the FEuropean Centre for Medium-Range Weather Forecasts

(ECMWEF).

In addition to the ONEFlux pipeline, we also run the ReddyProc package (Wutzler et al.
2018). This R-based package also offers a suite of tools for the post-processing of eddy
covariance flux data, facilitating tasks such as data filtering, gap-filling, and flux partitioning.
This contrast highlights ONEFlux’s emphasis on initial data integrity and REddyProc’s
adaptability for further analytical processing.

Downscaling the meteorological variables

In this chapter, I used the ERA-Interim dataset to downscale and fill gaps in the meteo-
rological variables for each site. This dataset stems from a global atmospheric reanalysis
undertaken by the European Centre for Medium-Range Weather Forecasts (ECMWF), as
articulated by Dee et al. 2011. As our methodology shares similarities with those applied
to the FLUXNET 2015 datasets, our specific focus was leveraging the ERA-Interim data
for targeted tasks. Our primary use of this dataset centered on downsizing meteorological
readings and addressing any missing data within the site observations. Key variables under
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consideration were air temperature, global radiation, wind speed, vapor pressure deficit, and
longwave incoming radiation. This refinement is pivotal for ensuring a robust dataset with
uniform readings, making it compatible with the ONEFlux pipeline, which notably lacks an
intrinsic capability for meteorological variable downscaling and gap-filling. It is pertinent to
highlight that the ECMWF has since introduced an updated version of ERA-5 (Hersbach et
al. 2020). However, we opted against its use to maintain alignment with the FLUXNET2015
processing standards, aiming for a dataset with heightened comparability.

When addressing gaps in the meteorological data, we identified two distinct categories. The
first consists of short gaps, defined as those spanning less than six time stamps (6 half-hours).
For these, we employed linear interpolation directly, without resorting to ERA-Interim data.
The second category encompasses larger gaps. To fill these, we utilized ERA-Interim data,
but only after establishing a linear regression relationship between the ERA-Interim data
and our site-specific meteorological observations, and then filled the gap using the established
relationships.

1.3 Results

ERA-interim downscaling of the meteorological variables

As it is crucial for us to establish a reliable relationship between the ERA-Interim meteoro-
logical data and the flux tower observations, we recorded the mean correlation and RMSE
from the regression from each site. A summary can be found in table 1.1.

Meteorological Variables | Correlation | Correlation std | RMSE RMSE std
Air Temperature 0.94 0.03 2.38°C 0.98°C
Atmospheric Pressure 0.91 0.08 0.38kPa 0.07kPa
VPD 0.64 0.17 0.65kPa 1.18kPa
Wind Speed 0.45 0.18 0.35m/s 0.26m/s
Precipitation 0.91 0.08 0.03m 0.07m
SWin 0.91 0.05 67W/m™2 | 16.11W /m™
LWy 0.85 0.09 21W/m? | 4.9W/m™

Table 1.1: The RMSE and correlation between ECMWEF ERA interim data and flux tower
observations. The RMSE and correlation were noted for each environmental variables.

The analysis of ERA-Interim data against flux tower meteorological observations, incorporat-
ing mean correlations and RMSE along with their standard deviations across sites, reveals
varied levels of data consistency. Air Temperature exhibits a strong average correlation
(0.94) with minimal variation (std 0.03) and a moderate RMSE (2.38°C), albeit with higher
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variability (std 0.98°C). Atmospheric Pressure shows a high mean correlation (0.91) with
slightly more variability (std 0.08) and a low RMSE (0.38 kPa) with minimal variation (std
0.07 kPa).

Vapor Pressure Deficit (VPD) displays a moderate correlation (0.64) but with considerable
variability (std 0.17), and a relatively high RMSE (0.65 kPa) with significant variation across
sites (std 1.18 kPa). Wind Speed has the lowest average correlation (0.45) with notable vari-
ability (std 0.18), and a RMSE of 0.35 m/s, again with substantial variation (std 0.26 m/s).

Precipitation maintains a consistently high correlation (0.91) with moderate variation (std
0.08) and a very low RMSE (0.03 m), although the variation is larger (std 0.07 m). Radia-
tion parameters, Shortwave Incoming Radiation (SW_IN) and Longwave Incoming Radiation
(LW_IN), show strong correlations (0.91 and 0.85 respectively) with relatively low variabil-
ity, and RMSEs of 67 W/m? (std 16.11 W/m?) and 21 W/m? (std 4.9 W/m?) respectively,

indicating a generally consistent replication with some site-specific differences.

Differences between different partitioning methods

First, as an example, I examined the differences between the two partitioning methods (day-
time and nighttime partitioning methods) at two sites, namely US-ARc and CA-TP2 (Figure
1.2). At the US-ARC site, a grassland ecosystem, both partitioning methods demonstrate a
commendable consistency in their estimations, albeit with minor mismatches. This suggests
that for grassland ecosystems, the chosen partitioning approaches are robust and yield reli-
able data for both GPP and RECO.

Conversely, at the CA-TP2 site, an evergreen needleleaf forest, the partitioning methods
to some degree diverged, especially noticeable in the year 2005, where the daytime method
estimates significantly lower values for GPP and RECO than the nighttime method.
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Figure 1.2: Comparative analysis of NEE partitioning methods at US-ARc¢ and CA-TP2.

Also, T analyzed the RMSE values for daytime and nighttime NEE partitioning methods
across various IGBP ecosystem types to discern their comparability in estimating GPP and
Reco (Figure 1.3). Overall, the analysis revealed that median RMSE values for both meth-
ods across most ecosystems, such as Evergreen Needleleaf Forests (ENF) and Mixed Forests
(MF), exhibit a close alignment, typically within a narrow range around 1.0 gC/m?/day for
Reco and slightly above 0.5 gC/m?/day for GPP.

This comparability of daytime and nighttime estimates suggests a consistent level of un-
certainty in the estimation of ecosystem respiration and photosynthesis, irrespective of the
partitioning method applied. The findings highlight that the divergence in RMSE values
between the two methods is generally minimal, supporting the notion that either method
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can be selected based on factors other than accuracy, such as data availability or the specific
research context, without a significant compromise on the reliability of the results.
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Figure 1.3: Boxplot comparison of RMSE values in gC/m?/day for ecosystem respiration
and gross primary productivity across various IGBP ecosystem types, demonstrating the
close agreement between daytime and nighttime NEE partitioning methods.

I also analyzed the seasonal and diurnal cycles of the two partitioning methods by averaging
them across all sites (Figure 1.4). The synthesized data revealed a high degree of concordance
between the two methods, as illustrated by the largely overlapping curves. Nonetheless, it
was observed that the daytime partitioning method consistently resulted in lower peak val-
ues than the nighttime partitioning method, across both the seasonal and diurnal cycles.
This distinction suggests that the daytime partitioning method may provide a more conser-
vative estimate of peak GPP and RECO. The insights garnered from this comparison are
invaluable, offering a retrospective reflection on the impact of methodological choices on the
interpretation of ecosystem productivity and respiration dynamics.
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Figure 1.4: Synthesized seasonal and diurnal cycles of GPP and RECO from nighttime and
daytime partitioning methods across sites

Comparison with the FLUXNET 2015 dataset and ReddyProc

results

[ also compared the daily output of fluxes (NEE, GPP, RECO, LE and H) with the existing
FLUXNET 2015 data set. As some of the flux towers in this release were not included in the
FLUXNET 2015 data set, or they may not have an overlapping time window of observation,
we only used the 20 sites that have overlapping observations to conduct this comparison.

The results are shown in Figure 1.5.
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Figure 1.5: Linear regression analysis of ecosystem flux variables: comparing FLUXNET
2015 with ONEFlux BETA Release from 20 sites.

In figure 1.5, the regression analyses offer a validation of the new beta release of flux mea-
surements when compared to the well-curated FLUXNET 2015 dataset. The evaluated flux
variables all exhibit a remarkable degree of linear correlation with R? values spanning from
0.95 to 0.99. Notably, the slopes of these regression analyses are uniformly proximal to
unity, ranging from 0.98 to 0.99, which underscores the proportionality and thus the direct
comparability between the two datasets.

Furthermore, the negligible y-intercepts, hovering close to zero, are indicative of an absence
of systematic error, bolstering confidence in the BETA release. Such strong alignment is
not only statistically significant but also of great ecological importance, as it affirms the
reliability of the beta release for quantifying ecosystem dynamics. We also validated this
data set at each site, and calculated the site-specific metrics for each flux variable (Table
1.2).
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Meteorological Variables | Correlation | Correlation std | RMSE RMSE std
Air Temperature 0.94 0.03 2.38°C 0.98°C
Atmospheric Pressure 0.91 0.08 0.38kPa 0.07kPa
VPD 0.64 0.17 0.65kPa 1.18kPa
Wind Speed 0.45 0.18 0.35m/s 0.26m/s
Precipitation 0.91 0.08 0.03m 0.07m
SWin 0.91 0.05 67W/m™2 | 16.11W /m™
LWy 0.85 0.09 21W/m? | 4.9W/m™

Table 1.2: Regression Analysis of ONEFlux Beta Release Versus FLUXNET 2015 Data
Across Key Flux Measurements, Showing Mean Coefficients of Determination (R?), Slopes,
and Intercepts with Their Respective Standard Deviations across sites

The mean coefficients of determination (R?_mean) for Net Ecosystem Exchange (NEE),
Gross Primary Production (GPP), Ecosystem Respiration (RECO), Latent Heat (LE), and
Sensible Heat (H) are impressively high, ranging from 0.94 for NEE to 0.99 for both LE
and H. This indicates a strong linear relationship across all flux variables. The mean slopes
(Slope_mean) for these variables are similarly close to unity, varying from 0.97 for GPP and
RECO to 0.99 for LE and H, suggesting that the ONEFlux beta release measurements are
nearly proportional to those of FLUXNET 2015. The standard deviations for these slopes
(Slope_std) are low, indicating consistency in this relationship across different datasets. The
mean intercepts (Intercept_mean) are notably low for NEE, GPP, and RECO (ranging from
0.004 to 0.02), but slightly higher for LE and H (both at 0.1). However, the standard
deviation for the intercept of H is notably high (1.05), suggesting more variability in this
parameter compared to others.

Overall, the high R? values combined with slopes close to one and low intercepts for most
flux measurements confirm the reliability of the ONEFlux beta release in replicating the
FLUXNET 2015 data. The consistency across different flux variables underscores the po-
tential of the beta release for accurate ecological modeling and analysis.

I also analyzed the seasonal cycles of the fluxes by both ONEFlux BETA release and the
FLUXNET 2015 data set (Figure 1.6). The time series plots for each flux metric exhibit
a high degree of similarity, indicating that both datasets yield closely corresponding esti-
mations of ecosystem exchanges. This correspondence underscores the reliability of these
independent flux measurement networks and supports their use in understanding terrestrial
ecosystem dynamics. The consistency across the datasets reinforces the confidence in the flux
data as a basis for further ecological and biogeochemical research. The congruency between
the OneFlux Beta and FLUXNET2015 datasets thus reinforces the robustness of observa-
tional networks in capturing the dynamism of ecosystem processes, forming a dependable
basis for advancing our scientific understanding of terrestrial carbon and energy fluxes.
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At the same time, we also compared the ONEFlux BETA release with the results from
ReddyProc, the results are shown in Figure 1.7. The comparative analysis between the
ONEFlux beta release and the ReddyProc results highlights a significant linear relationship,
as evidenced by R? values ranging from 0.82 to 0.97. This strong correlation demonstrates a
substantive agreement between the datasets, suggesting that both processing methodologies
can yield consistent flux estimations. Nevertheless, the presence of some scatter and the
slight variance in slope and intercept values point towards discrepancies likely stemming
from the distinct processing frameworks and quality assurance/quality control (QA/QC)
protocols employed by each system.

While the slopes are near unity, indicating a close proportional relationship, the deviations,
however small, may be attributable to methodological divergences in handling raw data and
algorithmic differences in data interpretation. Moreover, these mismatches, although minor,
underscore the critical need for harmonization between different processing systems to ensure
data interoperability and to facilitate a comprehensive synthesis of ecosystem observations.

I also compared the seasonal cycles from the ONEFIux BETA release and the results from the
ReddyProc processing results (Figure 1.8). he seasonal cycles of NEE, LE, and H between
the two processing approaches exhibit a strong alignment, indicating a reliable estimation
of these fluxes despite the methodological differences. In contrast, the GPP and RECO
estimates show slight divergence between OneFlux and ReddyProc, which may be attributed
to variances within the respective processing pipelines. Such discrepancies, particularly in
the peak values of GPP and the mid-season values of RECO, could reflect differences in
algorithmic interpretations of photosynthetic activity and respiratory processes.

Flux tower observation data for each sites

By the time we generated this data set, we had 271 sites from AmeriFlux BASE that had
more than one year of observations. However, we were unable to generate a data product for
all sites. More specifically, there were 208 sites where the pipeline failed. We summarized
the reason that the pipeline failed at each of this site (Table 1.3). The table categorizes the
specific reasons for the pipeline failures at these sites. The most common issue, encountered
in 80 sites, was a processing level of 1 or lower, indicating insufficient data processing. Possi-
ble issues included the wrong VPD units. Additionally, 30 sites lacked USTAR values, which
are critical for the USTAR filtering process of the flux data. Another significant hindrance
was the absence of measurement height in 60 sites. Lastly, 38 sites were excluded due to the
lack of other essential data, essential for comprehensive and accurate analysis. This detailed
breakdown helps in identifying the key areas for improvement in data collection and process-
ing at AmeriFlux BASE sites, guiding future efforts to enhance data quality and pipeline
efficiency.
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Reason the pipeline not running properly | Number of sites
Processing level < 1 80
No USTAR values 30
No measurement height 60
Lack of other essential data 38

Table 1.3: Summary of pipeline failure causes at AmeriFlux BASE sites

For each site, we generated a gap-filled and partitioned data product aligning with the
FLUXNET 2015 dataset. We provided two versions for each site: the FULLSET and the
SUBSET, both sourced from the ONEFlux pipeline. The FULLSET encompasses all process-
ing variables, including every data product variant, quality indicators, uncertainty measures,
and intermediary variables for a comprehensive understanding of each step. Conversely, the
SUBSET offers a curated selection tailored to the anticipated needs of most users, highlight-
ing pivotal quality and uncertainty variables. Additionally, we supplied the AUXMETEO
and ERA products. AUXMETEO presents results from downscaling micrometeorological
variables via ERA-Interim reanalysis data, shedding light on linear regression and variable-
specific error/correlation. AUXNEE focuses on NEE processing, detailing USTAR filtering
results, applied thresholds, and model efficacy. ERA showcases a comprehensive record
(1989-2017) of downscaled micrometeorological variables rooted in the ERA-Interim reanal-
ysis data. In summary, we generated flux tower data from 63 sites in total. The earliest
flux tower observation dates back to 1984, while the most recent one is from 2018 (Figure
1.9). On average, each site has approximately 7.78 years of observations. The majority
of these sites are situated in Canada and the United States. Collectively, these sites span
11 distinct vegetation types based on the International Geosphere-Biosphere Programme
(IGBP) classification. Specifically, the sites encompass Evergreen Needleleaf Forest (ENF,
20 sites), Croplands (CRO, 9 sites), Grasslands (GRA, 9 sites), Deciduous Broadleaf Forest
(DBF, 7 sites), Permanent Wetlands (WET, 6 sites), Open Shrublands (OSH, 3 sites), and
two each for Mixed Forest (MF), Woody Savannas (WSA), Closed Shrublands (CSH), and
Water Bodies (WAT), with a single site for Savannas (SAV). Detailed information of each
site could be found in the Appendix table 1.1.

1.4 Discussion

In this chapter, we presented the effort to produce an updated version of the ONEFIux
BETA release, in which we produced the gap-filled and partitioned flux tower observations
for 63 sites, which significantly increased the flux data availability for the Ameriflux data
set. Among the 63 sites, there were 46 sites that were not included in the earlier version of
the Ameriflux BETA release; at the same time, there were 22 sites that were not included in
the FLUXNET 2015 data sets. Since the publication of this version, it has been downloaded
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more than 168 times, and its applications in the flux tower community include the use for
multi-site synthesis, remote sensing studies and teaching.

The comparison of ERA-Interim data with flux tower observations reveals varied reliabil-
ity across meteorological parameters. Air Temperature and Atmospheric Pressure exhibit
high correlations, indicating strong consistency, though Air Temperature shows some site-
specific variations in RMSE. Vapor Pressure Deficit (VPD) and Wind Speed, with moderate
correlations and higher RMSESs, are more influenced by local environmental conditions. Pre-
cipitation and Radiation parameters display high correlations, but their RMSE variability
points to localized differences. These results highlight the strengths and limitations of ERA-
Interim data in replicating diverse atmospheric conditions.

With regard to the NEE partitioning, the analysis at US-ARC and CA-TP2 sites elucidates
the relative robustness of partitioning methods across ecosystems. At US-ARC, a congruence
between daytime and nighttime approaches affirms their reliability for grassland ecosystems.
However, the CA-TP2 site displayed notable methodological disparities, particularly in the
year 2005, reflecting the complexity of forest ecosystems and the importance of method se-
lection in accurate carbon flux interpretation (Figure 4). Additionally, RMSE evaluations
across various IGBP types suggest that both partitioning methods maintain a comparable
level of uncertainty, permitting flexibility in method choice based on research design rather
than accuracy alone (Figure 5). This underscores the broader applicability of these methods
in ecological carbon cycle research.

In consolidating our findings, the linear regression analysis presented in Figure 4 substan-
tiates the ONEFlux beta release data by comparing it to the FLUXNET 2015 dataset.
The analysis reveals high coefficients of determination (R?) for all flux variables, indicating
robust linear correlations and minimal systematic error. The close-to-unity slopes affirm
the proportional relationship between the datasets, corroborating the beta release’s validity
in capturing ecosystem flux dynamics (Table 2). Concurrently, the comparison with Red-
dyProc results, shown in Figure 5, exhibits a significant linear relationship across datasets,
reinforcing the potential of varied processing methodologies to yield consistent estimations.
Nonetheless, the slight variances in slope and intercept values signal the impact of differing
processing and QA /QC protocols. Such findings highlight the need for methodological har-
monization to enhance data compatibility and ecological synthesis.

In comparison to other flux datasets, the ONEFlux BETA offers one of the most current and
comprehensive products, primarily emphasizing sites in Canada and the United States. For
context, the Marconi dataset from 2000 contains data from 38 sites over 97 site-years, gath-
ered during a workshop and exclusive to its participants. LaThuile 2007 is a broader compila-
tion with data from 252 sites across 965 site-years, establishing a consistent code base for data
comparability and broadening user access with a three-tiered restriction. FLUXNET2015,
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on the other hand, presents data from 212 sites amassing 1532 site-years, with the advan-
tage of a jointly established standardized code base and wider data accessibility featuring a
two-tiered restriction. The ICOS and Drought-2018 teams have also released eddy covari-
ance flux observational data from 52 stations spanning 1989-2018, some beyond the ICOS
network, all processed through the ONEFlux pipeline and aligning with standards set by
ICOS L2, AmeriFlux, and FLUXNET2015.

Since the release of this dataset, the Ameriflux data team advanced by launching the Ameri-
flux Fluxnet dataset. Specifically, FLUXNET data offerings, enriched and gap-filled products
that include variables such as partitioned gross primary productivity, have played a pivotal
role in global datasets, serving model validation and benchmarking for years. In this context,
the Ameriflux data team collaborated with international partners like ICOS to formulate the
ONEFlux (Open Network-Enabled Flux) codes, subsequently contributing to the birth of
the FLUXNET2015 data product. Moreover, the Ameriflux data team is capitalizing on
the premium, standardized BASE data product as a foundation for the ONEFlux codes,
aiming to devise the next-generation FLUXNET data product tailored for AmeriFlux sites.
The protocols and procedures refined for the BASE data-processing pipeline are now being
adapted to curate the FLUXNET product. By 2022, the Ameriflux data team had unveiled
the AmeriFlux FLUXNET data product for 79 sites, and they remain committed to regu-
larly updating and releasing the AmeriFlux FLUXNET datasets in harmony with other flux
network partners.

As of December 2023, this ONEFlux Beta data product has been downloaded for 168 times,
with the main areas of intended use summarized in Figure 1.10. 'Research on fluxes synthe-
sis” emerges as the most frequent intended use, with over 61 instances, indicating a strong
focus within the user community on synthesizing flux data for research purposes. The next
prominent categories, 'Research - Remote Sensing’ and 'Research - Land modeling/model’,
show approximately 37 and 29 instances, respectively, illustrating significant interest in ap-
plying the dataset to these research areas. Uses categorized as ’Other’ and 'Research - Other’
have a modest representation, each with around 10 mentions. Notably, the dataset’s role
in educational activities, as represented by 'Education (Teacher or Student)’, is the least
reported use, with under 10 instances.

Further analyzing the word cloud of the detailed intention of use by the users, I found that
the central terms such as "model,” ”analysis,” and ”ecosystem,” suggest a thoughtful en-
gagement with ecological data, while the significant presence of "GPP” and "NEE” reflects
a considerate emphasis on understanding carbon dynamics within ecosystems (Figure 1.11).
The term ”validation” echoes the conscientious approach users take towards ensuring data
integrity, and "remote sensing” indicates a reliance on advanced techniques for ecological
observation.
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Additionally, the inclusion of terms like "RUBISCO” and ”drought” points to an explo-
ration of plant physiology and environmental stress factors, demonstrating the product’s
utility in delicately probing the complexities of ecological systems. This visualization shares
the narrative of the product’s use and also paints a broader picture of the diligent and me-
thodical efforts by researchers to elucidate the interactions within ecosystems under varying
environmental conditions.

1.5 Conclusion

In this chapter, we have detailed the rigorous efforts to refine the AmeriFlux datasets via the
ONEFlux pipeline, aligning it with the FLUXNET 2015 dataset. The meticulous process
has resulted in a robust dataset that demonstrates high coefficients of determination, with
R2 values of 0.94 for NEE, 0.95 for GPP, and 0.99 for both LE and H when compared against
the FLUXNET 2015 dataset, indicating strong linear correlations. This dataset has proven
reliable across diverse ecosystems, a cornerstone for accurately capturing the dynamics of
carbon and water exchanges. The ONEFlux beta release, through its rigorous validation
process and high-quality data, has become an important tool for researchers to explore and
understand the intricacies of biosphere-atmosphere interactions.
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Figure 1.6: Comparative analysis of the averaged seasonal cycles of NEE, RECO, GPP, LE,
and H estimates from OneFlux Beta and FLUXNET2015.
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1.6 Appendix

Table A1.1: Description of the sites published in this release. “n/a” indicates that informa-
tion for that site was not provided by the principal investigators.

Site Start Year End Year Latitude Longitude Elevation
US-ARM 2003 2018 36.6058 -97.4888 314
US-Ses 2007 2017 34.3349 -106.7442 1604
US-Ro6 2017 2017 44.6946 -93.0578 282
US-UMB 2007 2017 45.5598 -84.7138 234
CA-Qc2 2007 2010 49.7598 -74.5711 n/a
CA-SF2 2001 2006 54.2539 -105.8775 520
CA-WP1 2003 2009 54.9538 -112.467 540
US-FR2 2005 2008 29.9495 -97.9962 271.9
US-Bar 2005 2017 44.0646 -71.2881 272
US-Rol 2004 2016 44.7143 -93.0898 290
US-Rob 2017 2017 44.691 -93.0576 283
US-ARb 2005 2006 35.5497 -98.0402 424
US-ARc 2005 2006 35.5465 -98.04 424
US-OWC 2015 2016 41.3795 -82.5125 174
US-Bil 2016 2017 38.0992 -121.4993 -2.7
US-UMd 2007 2017 45.5625 -84.6975 239
US-Seg 2007 2017 34.3623 -106.702 1596
US-Dk1 2001 2008 35.9712 -79.0934 168
CA-WP3 2004 2006 54.47 -113.32 n/a
US-RIls 2014 2017 43.1439 -116.7356 1608
CA-WP2 2004 2006 55.5375 -112.3343 n/a
US-AR1 2009 2012 36.4267 -99.42 611
US-Vem 2007 2017 35.8884 -106.5321 3030
US-Vep 2007 2017 35.8642 -106.5967 2500
US-Men 2014 2017 43.0772 -89.403 260
US-Tw4 2013 2017 38.1027 -121.6413 -5
US-Hol 1996 2018 45.2041 -68.7402 60
CA-Cbhbo 1994 2014 44.3167 -79.9333 120
US-Dk2 2001 2008 35.9736 -79.1004 168
US-Fuf 2005 2010 35.089 -111.762 2180
CA-Gro 2003 2014 48.2167 -82.1556 340
US-Dk3 2001 2008 35.9782 -79.0942 163

US-AR2 2009 2012 36.6358 -99.5975 646
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US-Bi2 2017 2017 38.1091 -121.5351 -5
US-CRT 2011 2013 41.6285 -83.3471 180
CA-NS3 2001 2005 55.9117 -98.3822 260
US-Mpj 2008 2017 34.4385 -106.2377 2196
US-Ro4 2014 2017 44.6781 -93.0723 274
US-Wgr 2015 2015 45.1129 -122.656 52
CA-Cal 1996 2010 49.8673 -125.3336 300
US-Oho 2004 2013 41.5545 -83.8438 230
US-Fmf 2005 2010 35.1426 -111.7273 2160
CA-NS2 2001 2005 55.9058 -98.5247 260
US-MMS 1999 2017 39.3232 -86.4131 275
US-Me2 2002 2017 44.4526 -121.5589 1253
CA-Ca2 1999 2010 49.8705 -125.2909 300
CA-NS1 2001 2005 55.8792 -98.4839 260
CA-TP4 2002 2017 42.7102 -80.3574 184
US-Uat 2003 2017 64.8663 -147.8555 155
US-SRG 2008 2017 31.7894 -110.8277 1291
US-Twl 2011 2017 38.1074 -121.6469 -5
US-Prr 2010 2016 65.1237 -147.4876 210
US-Pnp 2016 2017 43.0896 -89.4158 260
US-Rws 2014 2017 43.1675 -116.7132 1425
CA-NS5 2001 2005 55.8631 -98.485 260
US-Tw2 2012 2013 38.0969 -121.6365 -5
CA-Qfo 2003 2010 49.6925 -74.3421 382
US-Rms 2014 2017 43.0645 -116.7486 2111
US-KFS 2007 2017 39.0561 -95.1907 310
CA-NS6 2001 2005 55.9167 -98.9644 244
CA-Ca3 2001 2010 49.5346 -124.9004 n/a
US-Wjs 2007 2017 34.4255 -105.8615 1931
CA-SJ2 2002 2010 53.945 -104.649 580
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Transition from chapter 1 to chapter 2

In Chapter 1, I detailed the efforts made to generate a gap-filled and partitioned dataset for
the Ameriflux ONEFlux BETA release. This updated version expanded the dataset from 17
sites to over 63 sites, offering standardized and synthesized flux products for each location up
to 2018. These sites represent a diverse range of ecosystem types, encompassing 11 distinct
vegetation categories based on the International Geosphere-Biosphere Programme (IGBP)
classification. Specifically, the sites include Evergreen Needleleaf Forest (ENF, 20 sites),
Croplands (CRO, 9 sites), Grasslands (GRA, 9 sites), Deciduous Broadleaf Forest (DBF, 7
sites), Permanent Wetlands (WET, 6 sites), Open Shrublands (OSH, 3 sites). There are also
two sites each for Mixed Forest (MF), Woody Savannas (WSA), Closed Shrublands (CSH),
and Water Bodies (WAT), and a single site for Savannas (SAV).

The provision of these datasets has paved the way for us to study global carbon and water
cycles from a data-driven perspective. This means we are now in a position to address many
unresolved questions in this domain using flux tower observations from around the world. In
the subsequent chapter 2, I flux tower observations from Ameriflux and other global scales
to examine the response of ecosystem autumn phenology to climate change.

The duration of the growing season profoundly affects the carbon, water, and energy ex-
changes within global terrestrial ecosystems. While numerous studies have indicated a trend
toward an earlier onset of the growing season, primarily attributed to warmer spring tem-
peratures, the factors determining the conclusion of the growing season (EOS) are not as
thoroughly understood in most ecosystems. A recent hypothesis posits that the productivity
during the growing season can directly influence the timing of its end, suggesting a more
robust growing season might culminate earlier. This proposed relationship, however, has not
been sufficiently explored using in-situ data from a range of ecosystems. In Chapter 2, I
delved into the ONEFlux BETA release, among other tools, to examine this supposition.
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Chapter 2

Reevaluating autumn phenology: the
limited role of growing season
productivity compared with
environmental factors

Xinchen Lu'?, Trevor F. Keenan!?

1, Climate and Ecosystem Sciences Division, Lawrence Berkeley National Laboratory, Berke-
ley, CA, USA

2, Department of Environmental Science, Policy and Management, University of California,
Berkeley, CA, USA

An edited version of this chapter is published in Global Change Biology:
https://doi.org/10.1111/gcb.16104

Abstract

The length of the growing season has a large influence on the carbon, water and energy fluxes
of global terrestrial ecosystems. While there has been mounting evidence of an advanced
start of the growing season mostly due to elevated spring air temperatures, the mechanisms
that control the end of the growing season (EOS) in most ecosystems remain relatively less
well understood. Recently, a strong lagged control of EOS by growing season photosynthe-
sis has been proposed, suggesting that more productive growing seasons lead to an earlier
EOS. However, this relationship has not been extensively tested with in-situ observations
across a variety of ecosystems. In this chapter, I use observations from 40 eddy-covariance
flux tower sites in temperate and boreal ecosystems in the northern hemisphere with more
than 10 years of observations (594 site-years), ground observations of phenology, satellite
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observations from the Moderate Resolution Imaging Spectroradiometer (MODIS) and three
leaf senescence models to test the extent of a relationship between growing season photo-
synthesis and end of season senescence. The results suggest that there is no significant
negative relationship between growing season photosynthesis and observed leaf senescence,
flux-inferred EOS estimates, or remotely sensed phenological metrics, in most ecosystems.
On the contrary, while I found negative effects of summer air temperatures and autumn va-
por pressure deficit on EOS, which indicated the environmental factors control over autumn
phenology, more productive growing seasons were typically related to a later, not earlier,
EOS. Compared with environmental factors, incorporating the growing season photosynthe-
sis in empirical and process-based models did not improve their performances. Our results
challenge recent reports of negative effects of photosynthesis on EOS timing, and suggest
those results may not hold over a large range of ecosystems.

2.1 Introduction

Global terrestrial ecosystems take up around one third of human emission of CO2 (Friedling-
stein et al. 2020). With recent climate change, the seasonality of terrestrial ecosystems, a
sensitive indicator of biosphere-climate interactions, has been reported to be changing (Piao
et al. 2007; Seddon et al. 2016). Longer growing seasons have been associated with increased
carbon uptake by many ecosystems (Keenan et al. 2014; Baldocchi et al. 2005; Churkina
et al. 2005),. However, the dominant controls of the growing season length remain relatively
poorly understood.

While rising air temperatures are a major driver in the advancing Start of Growing Season
(SOS) in temperate and boreal ecosystems (Chmielewski and Rotzer 2002; Song et al. 2010;
Yu et al. 2013; Chuine and Régniere 2017; Nizinski and Saugier 1988), other factors such
as changes in photoperiod, soil moisture, and genetic variations among species also play
significant roles. Meanwhile, modelling of the timing of the end of growing season (EOS)
has been challenging, as the mechanisms that control the EOS have not been thoroughly
investigated or well understood (Lang et al. 2019; Zhang et al. 2020; Tang et al. 2014), and
many studies found a much smaller scale of EOS changes compared with the SOS changes
(Jeong et al. 2011; Park et al. 2016). There are many factors that may contribute to the
changes of EOS, such as the limiting factors of plant productivity of air temperature, radi-
ation, soil moisture and VPD (Archetti et al. 2013; Kérner and Basler 2010). For instance,
dry conditions during the growing season could have significant impacts on the autumn
phenology. Specifically, Zhang et al. 2020 elucidate that water availability, shaped by soil
moisture and mean annual temperature, is increasingly recognized as a critical limiting fac-
tor for late-season photosynthesis, suggesting that dry conditions during the growing season
can precipitously advance the EOS. Complementing this, Wolf et al. 2016 demonstrate that
warming-induced early vegetation activity, while initially compensating for reduced carbon
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uptake during summer droughts, leads to earlier soil moisture depletion, thereby potentially
advancing autumn phenological events due to increased water stress. Therefore, it is evident
that dry conditions experienced in earlier seasons can significantly influence the timing and
nature of autumn phenology. At the same time, other factors such as nutrient supply, sink
limitation and photoperiod, as well as a potential influence of soil moisture limitation on
EOS globally (Buermann et al. 2018; Liu et al. 2016; Lian et al. 2021) may also play a role
in EOS changes.

Recently, it has been suggested that growing season photosynthesis may have a significant
negative impact on EOS in some plants. That is to say, if the plants had a very productive
growing season, they are more likely to senesce their leaves early (Zani et al. 2020). ibid.
used observations from the European Phenology Network and controlled experiments to test
the effects of growing season photosynthesis on the timing of leaf senescence and found that
more productive growing seasons led to earlier leaf senescence in central European forests.
They hypothesized a strong role of sink limitation in these species. However, they modelled
the gross primary productivity (GPP) following the Lund-Potsdam-Jena General Ecosystem
Simulator (LPJ-GUESS) model, which may introduce some uncertainties due to the model
parameterization, and the study was limited to specific species in central Europe. Also,
their results contradict the findings of most free-air CO2 enrichment (FACE) experiments,
in which the leaf senescence dates are typically either delayed or remained unchanged (Norby
2021). An earlier senescence under higher GPP would have large implications for expected
EOS changes under climate change, but further testing with more diverse and distributed
phenology and photosynthesis observations is needed.

Typically, phenological metrics of different species are recorded by visual observations, or
digital cameras at specific sites (Richardson et al. 2018). The most successful efforts include
the European phenology network and the USA National Phenology Network that provide
more than 60 years of observations (Vliet et al. 2003). In recent years, the seasonal cycles of
remotely sensed observations such as vegetation indices (VIs), sun-induced fluorescence and
vegetation optical depth, and flux tower observations have also been widely used to estimate
key phenological metrics at landscape and larger scales (D’Odorico et al. 2015; Gonsamo
et al. 2012; Joiner et al. 2014; Wu et al. 2017; Yang and Noormets 2021; Zhang et al. 2019).
These metrics provide insight into the changes of seasonal cycles of greenness and/or car-
bon fluxes in a diverse array of ecosystems, with significant potentials for understanding
phenology-climate interactions (Tang et al. 2016). These global and regional observations
also provide a unique opportunity to test phenological hypotheses in different ecosystems,
particularly when co-located eddy-covariance (Novick et al. 2018; Pastorello et al. 2020),
ground and remote sensing observations can be combined.

In this chapter, I used flux observations from 40 eddy-covariance sites that have measurement
records of more than 10 years to test the relationship between growing season photosynthe-
sis and EOS across a variety of ecosystems. These sites represent a large subsection of
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main biomes in North America and Europe (8 biome types according to the International
Geosphere-Biosphere Program (IGBP)) from 1992 to 2017 and have a total of 589 site-years
of observations. In addition, I used long-term ground phenological records co-located with
eddy-covariance measurements at a site in the northeastern US (Harvard Forest), along with
phenological metrics from the MODIS global land cover dynamics product at all sites studied,
and three leaf senescence models. Doing so, Iaim to address the following questions:

1. Are there significant carry-over effects of growing-season photosynthesis on EOS in
most sites and ecosystems?

2. What are the most important factors that contribute to EOS changes?

3. Does the introduction of growing-season photosynthesis improve model predictions of

EOS?

2.2 Methods and Materials

Flux tower measurements

I used 40 sites from the FLUXNET 2015 dataset (http://fluxnet.fluxdata.org/, (Baldocchi
2003; Pastorello et al. 2020)) and AmeriFlux (https://ameriflux.1bl.gov/, (Novick et al. 2019;
Keenan and Willam 2018)) in this chapter (Table Al). I focused on ecosystems that had a
strong seasonal cycle of photosynthesis (e.g., no tropical sites were selected). Also, I removed
sites that had a double growing season (i.e., double peaks in the growing season GPP most
likely due to site management and/or water stress), as indicated by the GPP time series
(Figure A2.1). For sites in both the FLUXNET 2015 and AmeriFlux databases, I chose the
source with a longer record of observations.

For 12 out of 15 sites within AmeriFlux that do not provide gap-filled and partitioned data,
I used the R package REddyProc to gap-fill and partition net ecosystem change (NEE) into
GPP and ecosystem respiration (Rgg,) using the nighttime partitioning model (Reichstein et
al. 2005, Wutzler et al. 2018). Similar results were found when using the daytime partitioning
method (Figure A2.2, Lasslop et al. 2010).

To determine growing season photosynthesis, I summed up the hourly or half-hourly GPP
within the period. I determined the start of the growing season as outlined in section 2.4
and used the first day that has daylength of fewer than 11.2 hours as the end date for the
calculation of end of growing season photosynthesis (in order to avoid introducing spurious
correlations between EOS and growing season photosynthesis, following Zani et al. 2020).
Also, following the method used in Fu et al. 2017, I calculated the environmental conditions
(air temperature (T, ), vapor pressure deficit (VPD) and global radiation (Ry)) in different
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seasons in the Northern Hemisphere (Summer: June, July and August; Fall: September,
October and November).

Phenological records from Harvard Forest

I used observations from the Phenology of Woody Species at Harvard Forest dataset from
1991 to 2017, obtained from the Harvard Forest Data Archive (hf003-08, O’Keefe 2000;
Richardson et al. 2006). Phenological observations (spring and fall) have been recorded
for more than 33 woody species around the Harvard Forest starting from 1991 (for spring
phenology) and 1992 (for autumn phenology). Leaf phenology dates were recorded by looking
at the percentage of the leaves that have emerged (spring) and dropped (fall). I used the
dates within the dataset when 50% of leaves have emerged or dropped each year. The mean
fall dates at species-level provided with the data set were used and I focused on the two
dominant species within the eddy-covariance tower footprint, i.e., Red Oak and Red Maple,
in the forest Finzi et al. 2020.

MODIS global land dynamics product

I used the MODIS land cover dynamics product (MCD12Q)2, (Zhang et al. 2003)) down-
loaded from Oak Ridge National Laboratory’s Distributed Active Archive Center (with a
spatial resolution of 500 m, combined from Terra and Aqua, collection 6). This dataset
provides a global estimate of several phenological metrics since 2001. Technically, it identi-
fies phenological metrics derived from the seasonal time series of MODIS-observed enhanced
vegetation index (EVI). The original EVI time series was gap-filled and smoothed, and then
fit to a logistic model. Detailed information of the process can be found in ibid., Zhang et al.
2006 and Ganguly et al. 2010. I used the date when EVI last crossed 15% (the MCD12Q2
Dormancy date) of the segment EVI amplitude, EOS, as the leaf senescence metric. I only
used the pixel on which the flux tower centered from the MCD12Q2 data set.

Determination of phenological metrics from flux measurements

To determine the phenological metrics (i.e., SOS and EOS) from flux-estimated GPP, I
applied a widely used double-logistic curve fitting method (Gonsamo et al. 2012). The
method has proven to work well in most sites and ecosystems (D’Odorico et al. 2015; Lu et
al. 2018). To retrieve the key phenological dates, I used the half-hourly GPP estimates from
the FLUXNET or AmeriFlux data sets. First, I summed up the gap-filled half-hourly GPP
at the daily scale; then, I filtered out years when the data coverage was not sufficient (fewer
than 100 days of GPP estimates); finally, I fit the daily GPP time series to the following
double-logistic model:

a2 a3

GPP, =a; + +
T (it —b1)) 1+ exp(—da(t — b))

(2.1)
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The seven free parameters (al, a2, a3, bl, b2, d1 and d2) were determined using non-linear
curve fitting. a2 — al and a3 — al represent the difference between the winter background
value and the amplitude of the summer peak growing season values. d1 and d2 are the tran-
sition curvature parameters, while bl and b2 are the midpoints in DOYs of these transitions
for green-up and senescence/abscission, respectively.

This method identifies the SOS as the start of the slope of the ascending curve and EOS is
identified as the end of the descending curve (the inflection point). I followed the method
used in Gonsamo et al. 2012 to identify the thresholds from the logistic model (1), which
estimates the SOS and EOS as:

4.5622

SOS = b, — (2.2)
dy
4.
EOS = by + 561622 (2.3)
2

I compared the EOS estimates from both flux tower estimated GPP and remotely sensed EVI
(Figure A2.3). The EOS estimated by the two methods were comparable, but mismatches can
be evident in some ecosystems. Overall, I found that the flux-inferred and remotely sensed
EOS metrics were significantly correlated (p < 0.01), and especially for deciduous broadleaf
forest (DBF') and mixed forest (MF) sites, though GPP EOS had a higher dynamic range in
all ecosystems. For ecosystems where the seasonality of canopy greenness is more difficult
to detect (e.g., grassland, GRA), the two EOS estimates varied substantially.

In order to compare the relationship between growing season photosynthesis, leaf senescence
metrics and environmental conditions, I linearly detrended all time series in order to reduce
the likelihood of extraneous correlations.

Modelling of leaf senescence dates

First, to analyze the relationship between environmental factors and the timing of senescence,
I developed structural equation models using the Structural Equation Models Optimization
in Python (semopy) package (Igolkina and Meshcheryakov 2020). This package provides
a concise way to test the structural relationships between different variables and to build
structural equation models. I used structural equation models to compare three different
ways of empirically predicting the EOS using environmental conditions. In model a, I used
all environmental variables (summer and autumn T, summer and autumn R,, summer
and autumn VPD) to predict the EOS directly; in model b, T used summer environmental
variables (summer T,;,, summer R, and summer VPD) to predict the growing season pho-
tosynthesis and used predicted growing season photosynthesis with autumn environmental
variables (autumn Ty, autumn R, and autumn VPD) to predict the EOS; in model ¢, I
used growing season photosynthesis from flux observations and the autumn environmental
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variables (autumn T,;, autumn R, and autumn VPD) to predict the EOS.

In addition, I compared three different process-oriented leaf senescence models by examining
their performance for predicting autumn senescence dates at the Harvard forest site. The
first model I assessed is the cold-degree day model that combines the use of both air tem-
perature and photoperiod (Delpierre et al., 2009). When thresholds of air temperature (T},)
and photoperiod (Pg,y) are reached, the control of air temperature and photoperiod over
autumn leaf senescence is modelled via the cumulative cold-degree days as follows:

CDD(d) = T(b) — T(d) x Fa

it T(b) > T(d) (2.4)

start

CDD() =0 if T(b) < T(d) (2.5)

Where the CDD(d) is the cold-degree day at day(d) with the air temperature of T(d) and
photoperiod P(d). Then the CDD(d) of each day is accumulated. The modeled leaf senes-
cence date (Ymoda) was set as the first day that the accumulated CDD (aCDD) reached a
critical threshold as follows:

Yioa =d if a x CDD > Yy, (2.6)

Here, Y is a threshold to be determined. In this manuscript, I refer to this model as the

CDD model.

As summer dry conditions may also impact the autumn leaf senescence, a growing-season
mean temperature (TPM) model was proposed (Liu ei al, 2019). In the TPM model, the
summer growing season temperature was introduced and used, the threshold of Yerit is set
as:

Yait = a+ b X Tempsummer (2.7)

Here, Tempgummer is the average summer temperate of the associated years. It has also been
reported that spring phenology is associated with autumn phenology, and a revised version of
the CDD model has been proposed to accommodate these effects (Keenan and Richardson,
2015). In this spring phenology influenced autumn phenology model (STAM), the threshold
of Yt 1s set as:

Yo =a+bx Sa (2.8)

Here, S, is the spring phenology anomaly of the associated years. Also, as Zani et al. 2020
suggests, growing season photosynthesis might have an impact on the end of the growing
season. I therefore also modified the model as follows to represent this hypothesis:

Yoie = a + b x GPP (2.9)
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Here, the GPP represents the growing season canopy photosynthesis. In this manuscript, I
referred to this model as the photosynthesis-influenced autumn phenology (PTA) model. To
estimate the free parameters in the three different models, I used the Pymcmecstat Markov-
chain Monte Carlo python package (Miles 2019). I estimated the parameters used in the
three models 100 times, and sampled parameters resulting in the 95th percentile of model
performance.

To examine differences in projections of future autumn phenology change from the 3 different
autumn phenology models, I estimated the delays of autumn senescence date across 5 °C of
projected future temperature changes. For the STAM model, I predicted the sensitivities of
spring phenology dates to air temperature to be 3 d*! "C! according to the model ensemble
assessed in Migliavacca et al. 2012. For the PIA model, I predicted a 6 gC yr' m? "C*!
increase of growing season photosynthesis with the increase in air temperature as this is the
overall slope at Harvard Forest according to our results.

2.3 Results

No evidence for the carry-over effects of growing season
photosynthesis on EOS

At the site level, I focused on the observations from Harvard Forest, which provide a long-
term record of eddy-covariance measurements and phenological metrics of Red Oak (the
most dominant species in the forest, Figure A2.4). I found positive but non-significant rela-
tionships between growing season photosynthesis and EOS dates either when using ground
phenological records or MODIS estimates (p > 0.05).

I then examined the relationship between growing season photosynthesis and flux-estimated
EOS across different ecosystems in the eddy-covariance flux network (Figure 2.1). I found
a significant and positive relationship between growing season photosynthesis and EOS in
evergreen needleleaf forest sites (ENF) (slope = 0.24, p = 0.02). In other ecosystems, how-
ever, | did not find significant relationships between them. In DBF, GRA, and MF sites, I
found a positive yet non-significant growing season GPP — EOS relationship. When all sites
were pooled together, I found a significant and positive, though weak, relationship between
growing season photosynthesis and flux-estimated EOS (slope = 0.1, p = 0.01).

I also tested the relationships between growing season photosynthesis and MODIS EOS in
different sites and ecosystems. Except for MF sites, where I found a negative yet non-
significant relationship between growing season photosynthesis and remotely sensed EOS
(slope close to 0, p = 0.97), the growing season photosynthesis-EOS relationship tends to
be positive yet non-significant. Overall, I found no significant relationship between growing
season photosynthesis and remotely sensed EOS (slope = 0.03, p = 0.27). I also tested the
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Figure 2.1: The relationship between growing season gross primary productivity (GPP) and
phenological end of season (EOS) metrics from eddy-covariance (EC) observations or MODIS
observations at deciduous broadleaf forest (DBF'), evergreen needleleaf forest (ENF), mixed
forest (MF), grassland (GRA), and all sites (ALL). All the time series have been detrended
and the differences introduced by different sites were set as random effects.
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relationships between growing season photosynthesis and MODIS EOS in different sites and
ecosystems. Except for MF sites, where we found a negative yet non-significant relationship
between growing season photosynthesis and remotely sensed EOS (slope close to 0, p = .97),
the growing season photosynthesis—EOS relationship tends to be positive yet non-significant.
Overall, we found no significant relationship between growing season photosynthesis and re-
motely sensed EOS (slope = 0.03, p = .27).

Control of environmental factors over EOS in different ecosystems

I examined the multi-variable relationships between environmental factors and EOS metrics
in different ecosystems. First, I performed a partial correlation analysis between different
environmental variables and EOS estimates at Harvard Forest (Figure 2.2). For ground
observations of Red Oak, I found a positive partial correlation between growing season
photosynthesis and leaf senescence metrics, while I found weaker positive relationships with
MODIS remotely sensed metrics. I also found contrasting effects of global radiation (R,), air
temperature and VPD in the spring and in the autumn. Both data sets indicated that higher
summer Rg, lower summer temperature and lower summer VPD were associated with a later
EOS; while more autumn R,, higher autumn air temperature and higher autumn VPD led
to an earlier EOS.
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Figure 2.2: Partial correlations between environmental variables and end of growing season
(EOS) in Harvard forest using ground phenological records (a) and the MCD12Q2 product
(b). The environmental variables included here were growing season photosynthesis (Pho-
tosynthesis), summer global radiation (Rg), autumn R,, summer air temperature (Tai),
autumn T,;,, summer vapor pressure deficit (VPD), and autumn VPD. All the time series
have been detrended. Here, summer is defined as June, July and August while fall is defined
as September, October and November.
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At the cross-site scale, I found more complicated relationships between flux-estimated EOS
and different environmental variables (Figure 2.3). First, I did not find growing season pho-
tosynthesis to be the most important factor when it came to predicting EOS in any of the
ecosystems. In all ecosystems, I found a positive contribution (partial correlation) between
growing season photosynthesis and EOS (r = 0.12, 0.11, 0.03 and 0.32 for DBF, ENF, MF
and GRA sites respectively). Overall, I found a positive partial correlation between growing
season photosynthesis and EOS (r = 0.12). The controls of environmental factors were differ-
ent in different ecosystems; and the same environmental factors exhibited different impacts
in different seasons. For global radiation, for example, the autumn Rg contributed most pos-
itively to the variation of EOS expect for GRA; while the summer R, effects were mixed in
different ecosystems (marginal effects found in ENF, while positive effects were found in DBF
sites and negative effects in GRA and MF sites). For air temperature, interestingly, I found
that summer T,; contributed mostly negatively to EOS (although sometimes marginally)
except for GRA sites; while the autumn T,;, contributions were mixed in different ecosystems
I tested. Finally, for VPD, I also found that summer VPD effects were mostly positive except
for GRA sites, while the autumn VPD effects were all negative. Overall, when all sites were
used, I found a marginal contribution of summer Rg; positive contributions of autumn R,
autumn T,;, and summer VPD; negative contributions of summer T,;, and autumn VPD.

The introduction of growing season photosynthesis did not
improve EOS predictions

Using a structural equation model analysis, I found that the introduction of growing season
photosynthesis did not improve the overall model performance when using all DBF sites
(Figure 2.4). I tested three different structural equation models. In the first model, I used a
simple multiple linear regression model to predict EOS using only meteorological variables (R
= 0.43). In the second model, I used summer environmental factors to predict growing season
photosynthesis, and then used the growing season photosynthesis and autumn environmental
factors to predict EOS (R = 0.34). Finally, I used flux-estimated photosynthesis along with
autumn environmental factors to predict EOS (R = 0.39). I found positive coefficients of
photosynthesis in the latter two models (8 = 0.06 for model b and 8 = 0.06 for model c).
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Figure 2.3: Partial correlations between detrended environmental variables and flux-derived
EOS in different ecosystems. The environmental variables tested include growing season
photosynthesis, summer global radiation (R,), autumn R,, summer air temperature (Ty;,),
autumn T,;,, summer vapor pressure deficit (VPD), and autumn VPD. All the time series
have been detrended. The overall linear regression model performance (correlation) using
all predictors was labeled.
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Figure 2.4: Analysis of the flux-inferred end of growing season in deciduous broadleaf forest
(DBF) sites with three different structural equation models (see the method section). The
B coefficients determined for each predictor in the structural equation models are denoted,
with significant coefficients (p < 0.05) denoted with a *. The end of growing season (EOS)
and predictors at each site have been detrended. (a) predicts EOS using the direct influence
of environmental variables; (b) predicts EOS using the direct influence of environmental
variables along with the indirect influence through predicted photosynthesis, and (c¢) predicts
EOS using the direct influence of both environmental variables and eddy-covariance inferred
estimates of growing season photosynthesis.
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At Harvard Forest, I also tested the performance of three different end of growing season
models to predict the leaf senescence dates (Table 2.1). In the resulting comparison it is
important to note that the number of free parameters is different in different models: the
CDD model requires three free parameters while the STAM and PIA models require four
free parameters. The results showed that the performance of the three models was generally
comparable. Overall, however, I found that the PIM model, which introduced the growing
season photosynthesis predictor, underperformed the CDD and the SIAM model. For Red
Oak, the most dominant species in the forest, all three models did a relatively worse job
when predicting the leaf senescence date, though within a comparable range to previous
studies for other species at the forest.

Table 2.1: The model performance in predicting leaf senescence date at Harvard Forest.
Here, the CDD, STAM and PIA model represent the cold degree days model, spring phenol-
ogy impacted autumn phenology model and the photosynthesis impacted phenology model,
respectively; and the RMSE denotes the root mean square error of each model.

Model Red Oak Red Maple
Correlation RMSE Correlation = RMSE
CDD 0.48 4.87 0.65 2.63
SIAM  0.48 4.87 0.7 2.48
PIA 0.44 4.93 0.63 2.67
TPM 0.50 4.85 0.71 2.47

While the three models (CDD, SIAM and PIA) showed similar performance for estimating
the autumn senescence date, their predictions of future autumn senescence delays diverged
(Figure 2.5). Using the parameterized models, I found a similar response of autumn senes-
cence delays in both the CDD and PIA models. This was mainly due to the fact that the
coefficient relating growing season photosynthesis and the threshold of autumn senescence
was estimated to be small in the PIA model. In both species, I also found that the STAM
model tended to predict a smaller delay in autumn senescence dates, especially for Red Maple
where the SIAM model performed the best. The divergent predictions by different models
despite similar performance for long-term observations of natural variability points to the
need for future studies, especially controlled experiments, to fully tease apart the controls of
autumn senescence to rising temperature.
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Figure 2.5: Projections of future delays in autumn senescence dates with increasing air
temperature, as estimated by three different models. The error bars indicate the standard
deviations of the predictions within the 95th percentile of model performance from the
MCMC process.

2.4 Discussion

The carry-over effects of “growing season photosynthesis” on EOS

In the present study, our primary objective was to use flux tower observations from 40
sites across the temperate and boreal ecosystems in the Northern Hemisphere to test the
carry-over effect hypothesis, which proposed significant negative effects of growing season
photosynthesis on the date of leaf senescence and the end of the growing season (Zani et al.
2020).



2.4. DISCUSSION o4

I did not find significant carry-over effects in the ground and remote sensing observations
for Harvard Forest, nor in most of the eddy-covariance ecosystems examined. For instance,
I found positive but insignificant relationships in all three ground-observed phenological
records at Harvard Forest. On the contrary, I found that in most sites, a more productive
growing season either led to a delayed EOS or contributed little to the changes of EOS.

In addition, I also tested the possible improvement of model performance by introducing the
use of growing season photosynthesis. I found that the growing season photosynthesis influ-
enced models did not outperform the previous empirical models (structural equation model)
or process-based models (CDD and SIAM models). And with future warming, our results
show that model choice can lead to considerable differences in the future phenological shifts.
This is true even in the absence of considering a CO2 effect on photosynthesis, which would
likely lead to more divergent predictions between the CDD and PIA models. That said, our
results indicate small, and in most cases positive, coeflicients between growing season GPP
and Ycrit, which suggests that incorporating a CO2 effect on photosynthesis is unlikely to
greatly influence PIA model projections for our studied sites.

Our findings contrast with recent results from Zani et al. 2020, which report a strong in-
fluence of growing season photosynthesis on autumn senescence. The differences may result
from several factors, including differences in the methods used, ecosystems focused on, and
geographical and environmental patterns. First, the methods used in the two studies have
notable differences. In ibid., the results were based on a model of growing season photo-
synthesis; in the present study, however, I used flux tower estimated GPP based on direct
eddy covariance observations. Also, ibid. used phenology records from central Europe, while
I use phenology estimates across a broad geographical range of boreal and temperate North
America and Europe, made from multiple approaches (the flux-estimated, remotely sensed
and ground observations at Harvard Forest).

In addition, the ecosystems of interest are different. In the present study, I focused on 8
different types of biomes across North America and Europe, while the ibid. study mostly
focused on central Europe deciduous forests. The carry-over effects, especially the effects as
predicted from the sink limitation hypothesis proposed as an explanation of their observa-
tions by ibid., are most likely to happen in ecosystems in which nutrients, water and/or sink
capacity are more likely to be limiting factors (Fatichi et al. 2014). I did find, however, that
growing season photosynthesis contributed marginally negatively to remotely sensed EOS in
evergreen needleleaf forests when using the nighttime partitioning method (most of the ENF
sites are in the boreal ecosystems where there might be sink limitations, see Figure A2.2).

Finally, the geographical and environmental patterns for the sites tested in the two studies
are also different. For instance, the soil nutrient availability of the Central Europe forests
may be very different that of the other sites I tested (Ackerman et al. 2019).
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The environmental controls over EOS in different ecosystems

I examined how the environmental variables in the autumn and in the previous seasons con-
tributed to the changes of EOS in different ecosystems. Air temperature in summer and
in autumn were one of the most important factors that determined the EOS in different
ecosystems (Figure 2.3). This indicated that air temperature was contributing largely to the
EOS in different ecosystems, similar to results found in Zhang et al. 2020. Also, I found
that autumn VPD contributed negatively to the EOS timing, while the effects of summer
VPD were mostly positive in different ecosystems. These results indicated that the water
limitation possibly contributed to an earlier EOS.

At the same time, I found that the environmental controls over EOS could be different in
different sites. For instance, in most ecosystems, the results indicated that the summer air
temperature was negatively correlated with EOS in most ecosystems while I found a positive
correlation in GRA sites. One possible explanation can be that the two GRA sites used
in the present study (CA-Let, annual mean air temperature at 5.4 °C and IT-Mbo, annual
mean air temperature at 5.1 °C) are both in cold regions and the warmer air temperature
was usually associate with productive and lengthier growing season. To sum up, the envi-
ronmental controls of EOS can be complex and different at different sites and in different
ecosystems. Overall, I failed to find a negative carry-over effect of growing season photosyn-
thesis on EOS.

Due to the complex controls on EOS in different ecosystems, future studies based on con-
trolled experiments would be exceptionally beneficial. For instance, Zani et al. 2020 tested
the hypothesis of sink limitation with three groups with different treatments and found that
growing season photosynthesis had a negative relationship with the leaf senescence date.
However, Norby et al., (2021) pointed out that in most FACE experiments, some of which
also have a warming component, the leaf senescence dates in most experiments were either
delayed or unchanged. Networks of phenological measurements such as PhenoCam (Richard-
son et al. 2018) combined with flux measurement and or other experiments could also be of
significance, especially for testing the sink limitation hypothesis.

Matches and mismatches between flux estimated and remotely
sensed phenological metrics

Remote sensing of terrestrial ecosystem phenology is challenging, especially in ecosystems
with low seasonality (e.g., ENF) or with significant snow presence (e.g., arctic tundra ecosys-
tems). For instance, White et al., 2009 found that even when using the same input data sets,
the derived remotely sensed phenological metrics are largely method dependent in Northern
America. Also, Wu et al. 2017found that the NDVI-estimated phenological metrics matched
poorly with flux-tower estimated photosynthesis phenology metrics. Recently, Lu et al. 2018



2.5. CONCLUSION 56

found that satellite-observed SIF outperformed conventional VIs when estimating phenolog-
ical metrics even with much coarser spatial resolutions at relatively homogeneous sites ( 50
km). In the present study, I used the MODIS land dynamics product (MCD12Q2) as it is
one of the few publicly available datasets that have phenological metrics from satellite ob-
servations globally, and previous studies have shown that it effectively captures phenological
dynamics (D’Odorico et al., 2015).

It is also worth noting that methods such as the double logistic curve fitting method to
determine EOS used in this chapter assume that there is an inflection point within the time
series of GPP. In the autumn, however, the senescence of photosynthesis can be more sub-
tle, and the inflection points can be more difficult to detect. For instance, I found that
the MODIS phenological metrics performed better in DBF sites where the inflection points
were more significant. Overall, when comparing all sites, I found a significant relationship
between flux-estimated and remotely sensed phenological metrics (Figure. A3).

I also compared the predictability of the two EOS metrics by using a linear regression model
that used all predictors (Table 2.2). The results indicated that overall, in DBF, MF and
GRA sites, the flux tower inferred EOS are more predictable than the MODIS phenology
products; while in ENF, the remotely sensed metrics from MODIS are easier to predict. This
may result from the subtle and slow changes of GPP in the fall in ENF sites. In summary, I
argue that flux estimated and remotely sensed phenological metrics both contain meaningful
information despite the mismatches in some cases.

Table 2.2: Comparison of predictability (R) of flux tower inferred and remotely sensed end
of growing season EOS in deciduous broadleaf forest (DBF), evergreen needleleaf forest
(ENF), mixed forest (MF), grassland (GRA) and ALL sites. Here, I used the International
Geosphere-Biosphere Program (IGBP) scheme to identify the biome types of different sites,
and the values in the table indicate the correlation between a multiple linear model prediction
and observations in both models.

IGBP DBF ENF MF GRA
Tower EOS 0.47 0.27 0.49 0.82
MCD12Q2 0.49 0.33 025 0.81

2.5 Conclusion

I tested the relationships between growing season photosynthesis and estimates of leaf senes-
cence and EOS in different ecosystems. I did not find negative carry-over effects of growing
season photosynthesis on leaf senescence and EOS in most sites and most ecosystems, in
contrast to recent reports. I also found that the controls of EOS in different ecosystems
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were different and, in most cases, a more productive growing season was related to a later,
not earlier, leaf senescence. Our results challenge the notion that EOS is negatively af-
fected by growing season photosynthesis, and highlight the need for controlled experiments
to distinguish competing controls on the timing of fall senescence.
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Table A2.1: Description for the sites used in this study. Lat, Lon indicated the latitude
and longitude of the site respectively; and FY and LY presented the first and last year of
observations available. Here, I used the International Geosphere-Biosphere Program (IGBP)
scheme to identify the biome types of different sites: evergreen needleleaf forest (ENF),
grassland (GRA), deciduous broadleaf forest (DBF), open shrubland (OSH), mixed forest
(MF), woody savanna (SVA), wetland (WET) and evergreen broadleaf forest (EBF) sites.

Site IGBP Lat Lon FY LY DOI

FI-Hyy ENF 61.85 61.85 1996 2014 10.18140/FLX/1440158
CA-Obs ENF 53.99 53.99 1997 2010 10.18140/FLX/1440044
CA-Let GRA  49.71 49.71 1998 2008 10.17190/AMF /1436318
US-MMS DBF 39.32 39.32 1999 2014 10.18140/FLX/1440083
US-NC2 ENF 35.8 35.8 2005 2017 10.17190/AMF /1246083
CA-Ojp ENF 53.92 53.92 1996 2010 10.17190/AMF /1375199
IT-MBo GRA  46.01 46.01 2003 2013 10.18140/FLX/1440170
US-EML OSH 63.88 63.88 2008 2017 10.17190/AMF /1418678
BE-Vie MF 50.3  50.3 1996 2014 10.18140/FLX/1440130
CA-Oas DBF 53.63 53.63 1996 2010 10.18140/FLX/1440043
US-Syv ~ MF 46.24 46.24 2001 2017 10.18140/FLX/1440091
US-Vem  ENF 35.89 35.89 2007 2017 10.17190/AMF /1246121
NL-Loo  ENF 52.17 5217 1996 2014 10.18140/FLX/1440178
DE-Hai  DBF 51.08 51.08 2000 2012 10.18140/FLX/1440148
CA-Cbo DBF 44.32 4432 1994 2014 10.17190/AMF /1498755
CA-Cal ENF 49.87 49.87 1996 2010 10.17190/AMF /1480300
CA-Gro MF 48.22 48.22 2003 2014 10.18140/FLX/1440034
US-UMB DBF 45.56 45.56 2007 2017 10.18140/FLX/1440093
CA-Man ENF 55.88 55.88 1994 2008 10.18140/FLX/1440035
US-Hal  DBF 42.54 4254 1991 2012 10.18140/FLX/1440071
CA-Ca3 ENF 49.53 49.53 2000 2010 10.17190/AMF /1480302
US-UMd DBF 4556 45.56 2007 2017 10.18140/FLX/1440101
IT-Col DBF 41.85 41.85 1996 2014 10.18140/FLX/1440167
US-NR1 ENF 40.03 40.03 1998 2017 10.18140/FLX/1440087
BE-Bra MF 51.31 51.31 1996 2014 10.18140/FLX/1440128
DE-Tha ENF 50.96 50.96 1996 2014 10.18140/FLX/1440152
US-Blo ENF 389 389 1997 2007 10.18140/FLX/1440068
US-Wjs  SAV 34.43 34.43 2007 2017 10.17190/AMF /1246120
US-SRG  GRA  31.79 31.79 2008 2017 10.18140/FLX/1440114
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US-Wkg GRA  31.74 31.74 2004 2017 10.18140/FLX/1440096
DE-Lnf  DBF 51.33 51.33 2002 2012 10.18140/FLX/1440150
US-Me2  ENF 44.45 44.45 2002 2017 10.18140/FLX/1440079
US-GLE ENF 41.37 41.37 1999 2017 10.18140/FLX/1440069
US-Los WET  46.08 46.08 2000 2017 10.18140/FLX/1440076
US-Hol  ENF 452 452 1996 2017 10.17190/AMF /1246061
DK-Sor  DBF 55.49 5549 1996 2014 10.18140/FLX/1440155
IT-Cpz EBF 41.71 41.71 1997 2009 10.18140/FLX/1440168
CH-Lae  MF 47.48 4748 2004 2014 10.18140/FLX/1440134
US-WCr DBF 4581 4581 1999 2014 10.18140/FLX/1440095

GPP (gC m-2 d-1)

Figure A2.1: The time series of gross primary productivity (GPP) at the site of US-Vep in
the year of 2007, indicating a double-peaked growing season. I excluded such double-peaked
sites.
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Figure A2.2: Similar to Fig.1., but using the daytime partitioning method.
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Transition from chapter 2 to chapter 3

In Chapter 2, I explored the interplay between growing season photosynthesis and indices of
leaf aging and the end of the growing season (EOS) across varied ecosystems. Contrary to
recent studies, our findings did not identify a negative impact of heightened growing season
photosynthesis on leaf aging and EOS across most sites and ecosystems. Interestingly, the
factors influencing EOS varied by ecosystem. In the majority of cases, heightened produc-
tivity during the growing season correlated with a delayed, rather than expedited, leaf aging
process. This challenges the prevailing idea that increased growing season photosynthesis
negatively influences EOS, underscoring the necessity for more controlled studies to pinpoint
the primary determinants of autumn leaf aging.

Building on the ONEFlux BETA flux tower data presented in Chapter 1, we also delved into
other pertinent aspects of global water and carbon cycles. Chapter 3 zeroes in on ecosystem
water use efficiency (WUE), characterized as the ratio between carbon accumulation and
water expenditure.

Plant adaptation to water scarcity often involves adjustments in stomatal behavior, pivotal
in modulating both water and carbon exchanges in plants. The water use efficiency (WUE)
is instrumental in shedding light on plant reactions under drought conditions. However, the
way WUE adapts to such stress varies across ecosystems and hinges on factors like time
scales, plant biological processes, and the severity of atmospheric and soil dryness. Current
academic discussions introduce a plethora of WUE metrics, adding layers of complexity to
the comprehension of WUE’s relationship with water stress. Within this chapter, we harness
data from flux tower observations spanning 64 sites and 3 WUE metrics.
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Disentangling the influence of soil
moisture and atmospheric dryness on
the coupled ecosystem carbon and
water cycling using machine learning
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1, Climate and Ecosystem Sciences Division, Lawrence Berkeley National Laboratory, Berke-
ley, CA, USA

2, Department of Environmental Science, Policy and Management, University of California,
Berkeley, CA, USA

Abstract

Defined as the ratio of carbon gain and water loss, water use efficiency (WUE) is an im-
portant key ecosystem property that links the global carbon, water and energy budgets. As
plants respond to water stress by regulating the openness of stomata, which control the ex-
changes of water and carbon for plants, WUE also provides important information regarding
the response of plants to dry conditions. However, how WUE responds to water stress in
different ecosystems depends on the temporal scale, plant physiology and the extent of atmo-
spheric and soil aridity. In addition, in the current literature, there are multiple widely used
WUE metrics, which further complicates understanding of WUE-water stress relationships.
In this chapter, we used flux tower observations from 64 sites that have more than 5 years
of observations (753 site-years) to assess the response to dry conditions of 3 WUE metrics.
More Specifically, we used WUE(ET) (defined as the ratio of gross primary productivity
(GPP) over evapotranspiration (ET)) and WUE(T) (defined as the ratio of GPP over tran-
spiration (T)); Besides, we also used iWUE which is defined as the ratio of GPP over ET
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adjusted by vapor pressure deficit (VPD) to correct for the influence of ambient humidity on
plant transpiration rates. Our results indicate that while both decreased soil water content
(SWC) and increased atmospheric water demand (vapor pressure deficit, VPD) could impact
ecosystem WUE, most sites showed a more consistent response to VPD as both WUE(ET)
and WUE(T) decrease with a higher VPD, with sites in more arid regions showing lowest
sensitivities.

3.1 Introduction

Water-use efficiency (WUE) is a key trait that quantifies the efficiency of plants in using
water for carbon gain, linking the global carbon, water, and energy budgets, and providing
important information regarding the response of plants to water stress (Cowan and GD 1977;
Keenan et al. 2013; Lavergne et al. 2019; Prentice et al. 2014; Tanner and Sinclair 1983; Yi
et al. 2019). At ecosystem scale, WUE is defined as the ratio of carbon uptake (photosyn-
thesis) to the amount of water lost through evapotranspiration (ET) or transpiration (T)
(Bréda et al. 2006; Hatfield and Dold 2019). WUE can vary greatly between plant species
and is influenced by factors such as stomatal conductance, photosynthetic rate, and plant
water status. Plants respond to water stress by regulating the aperture of stomata, which
control the release of water from leaves (Green et al. 2019). Different species employ differ-
ent strategies in response to water stress. For example, drought-resistant species have much
higher WUE than less resilient species and can better regulate water loss during drought
(Anderegg et al. 2018; Konings and Gentine 2017; Ponton et al. 2002; Tang et al. 2014).
Understanding WUE is thus crucial for predicting plant responses to climate change and for
developing strategies to enhance the resilience of ecosystems to drought (Feng et al. 2019).

Understanding how different ecosystems respond to water stress by regulating their WUE
can be challenging as many factors may contribute to differences in responses. Most tree
ring based studies found that in response to dry years, WUE increased as trees became
more efficient at using water, suggesting that they may be able to cope with future droughts
(Andreu-Hayles et al. 2011). Similarly, Ponce-Campos et al., 2013 compared the response
of above-ground net primary production to hydroclimatic conditions in the late twentieth
century and early twenty-first century, and found a common increase in ecosystem water-use
efficiency across biomes that indicates sensitivity to water availability, with biome-scale re-
silience to interannual variability associated with drought in the early twenty-first century.
However, at a shorter time scale, WUE may respond to dry conditions differently, as WUE
may decrease with higher VPD (Roby et al. 2020). In a recent study, Baldocchi et al. 2021
found no significant change in water use efficiency over time, as multiple factors, including
CO2 effects on stomata, soil moisture, vapor pressure deficit, temperature impacts on vapor
pressure, and groundwater access, muted out the impact of each other.

At the same time, water stress is characterized by the effects of both decreased soil water
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content (SWC) and increased atmospheric water demand, measured by vapor pressure deficit
(VPD) (Ciais et al. 2005; Fu et al. 2022; Stocker et al. 2019). In order to optimize carbon
gains while minimizing water loss in response to high VPD, plants regulate stomatal con-
ductance (Katul et al. 2010). At the same time, the hydraulic transfer from soils to leaves
is hindered and stomatal closure is reinforced when the SWC drops below a critical stress
level, thereby exacerbating the negative impact on plant growth. To our knowledge, there
have been no studies that specifically look at how different ecosystem-level WUE respond to
water stress as indicated by VPD and SWC.

The existence of several different definitions of WUE adds to the complexity of understand-
ing the WUE-drought relationship. WUE(ET) can be defined as the ratio of carbon gain
(i.e. gross primary productivity (GPP)) to water used (i.e. evapotranspiration (ET)). Simi-
larly, transpiration use efficiency (WUE(T)) is generally defined as the ratio of carbon gained
to water lost through transpiration, but there are variations in the definition, such as the
inclusion of soil evaporation. Additionally, intrinsic water use efficiency (i(WUE), which is
calculated as the ratio of carbon gain to stomatal conductance, is also used as a measure
of plant water use efficiency (Green et al. 2019). The discrepancies in the definitions and
methodologies for calculating and reporting WUE and TUE would help to make it challeng-
ing for a better understanding of plant water use efficiency.

Finally, the concept of WUE, rooted in the ratio of GPP to ET (or T), is influenced by both
these components. Recent studies examining the effects of VPD and SWC on GPP have
produced conflicting results, making it challenging to deduce their respective roles and the
intertwined dynamics of the carbon and water cycles (Kimm et al. 2020; Sulman et al. 2016).
Furthermore, while the influences of VPD and SWC on GPP have garnered attention, it is
equally paramount to dissect how ET behaves across various ecosystems when subjected to
shifts in VPD and SWC. In light of these complexities, this manuscript dedicates a consid-
erable section to examining the responses of both GPP and ET to water stress. Through
this aspect, we want to provide a more enriched, layered understanding of the dynamics that
dictate how WUE evolves and adapts under varying water stress conditions.

A promising strategy to address this issue is the application of the Accumulated Local Ef-
fects (ALE) method. ALE is a statistical tool designed to disentangle and quantify the
independent influences of covarying variables, making it a promising approach to analyze
their individual impacts on WUE (see methods, (Apley and Zhu 2020)). This is particularly
important given the inherent covariation between VPD and SWC, which makes understand-
ing their distinct contributions to different WUE metrics a formidable challenge. With this
method, we can isolate and quantify the distinct effects of VPD and SWC, thereby mini-
mizing the potential analytical distortions that might arise due to their inherent covariation.
By employing the ALE analysis, we can gain nuanced insights into the specific roles and
interactions of VPD and SWC with respect to WUE, laying the groundwork for improved
predictive modeling and enhanced management recommendations.
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In the current study, we utilized flux tower observations from 64 sites (753 site-years) dis-
tributed globally to investigate a fundamental question: how is water use efficiency (WUE)
influenced during dry conditions (i.e. high VPD or low SWC) in various ecosystems at a
daily scale? To address this question, we concentrated on three primary concerns:

1. How does WUE respond to changes in aridity across diverse ecosystems?

2. What are the key factors contributing to these differences, such as vapor pressure deficit
(VPD) and/or soil water content (SWC)?

3. How do varying definitions of WUE influence derived WUE-drought response relation-
ships?

3.2 Methods and Materials

Flux tower observation

We used flux tower observations from 64 sites (732 site-years of measurements) that have
more than 5 years of observations from Fluxnet 2015 (Piao et al. 2020) and the Ameri-
flux ONEFlux BETA release (https://ameriflux.lbl.gov/data/download-data-oneflux-beta/).
These sites represent a large range of the ecosystems globally (9 IGBP types) that have ob-
servations from 1981 to 2017 (Table A3.1). On average, these sites have an average of 12
years of observations, and they also represent a generally large gradient of aridity index (Al,
which was defined as the ratio of precipitation over potential evapotranspiration) ranging
from 0.30 to 3.46 (average Al at 1.35). We group the sites based on the IGBP types: 1)
evergreen needle leaf (ENF) sites; 2) grassland (GRA) sites; 3) deciduous broadleaf forest
and evergreen broadleaf forest sites as broadleaf forest (BF) sites; 4) mixed forest sites; 5)
open shrubland and closed shrubland sites and shrubland (SH) sites; 5) woody savanna and
savanna sites as savanna (SV) sites. Cropland sites were excluded from the analysis as some
of the sites may be impacted by irrigation or other water management (e.g. crop rotation).

In the present study, the gap-filled daily aggregates (or average) from the site observations
were used. We considered the main environmental variables of air temperature (Tair), vapor
pressure deficit (VPD), global radiation (Rg) and soil water content (SWC); and the carbon
and water fluxes of gross primary production (GPP) and evapotranspiration (ET) converted
from latent heat. As both the FLUXNET 2015 and ONEFlux BETA data sets do not pro-
vide the partitioned data of ET (i.e. traniprarion (T) from plants), we used a recent study
that compared 3 different ways of E'T partitioning and used the average daily aggregates of
the 3 different methods (Tramontana et al., 2020).

As we want to focus on the growing season where the ecosystems were likely to be impacted
by water stress, similar to (Anderegg et al. 2018); (Fu et al. 2022), we applied filters to
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identify these days: 1) daytime average air temperature > 15 "C; 2) solar radiation was
found to be significant as photosynthetic photon flux density over a 24-hour period exceeded
500 pmol m? s!; 3) water movement was established through the presence of evaporative
demand with VPD exceeding 0.5 kPa. We calculated three different and commonly used
WUE metrics as follows:

GPP
E(ET) = 21— 1
WUB(ET) = =— (3.1)
PP
PP x VVPD
wup — GPPX VY (3.3)

ET

Here, WUE(ET) was defined as the ratio of carbon gain (GPP) to water loss (ET) in order
to quantify and represent the water-carbon trade-off for plants (Cowan and GD 1977 eq.
3.1). An alternative approach is to look at the WUE as transpiration efficiency (WUE(T))
instead, as soil evaporation and plant transpiration respond to water stress differently and
WUE(T) may better capture the plants’ responses (Condon et al. 1993, eq. 3.2). As a way to
quantify the ecosystems’ response to environmental conditions, several studies use intrinsic
WUE, by using the mean daylight VPD to in the equation (Beer et al. 2009; Zhou et al.
2015). In the present study, we quantified iWUE using eq. 3.3.

Analytical methods

In the present study, we built random forest models to predict the responses of GPP, ET,
WUE and TUE (Breiman, 2001; Cutler et al., 2007) at each site. More specifically, we
trained random forest models at each site for each measurement at daily scale (namely,
WUESs, GPP and ET) by using air temperature ('C), global radiation (W m?), VPD (kPa),
SWC (%), leaf area index (m?/m?), and day of year. As VPD was used in the calculation
of iIWUE, we excluded it from this part of the analysis. For each site, we only used the days
where the ecosystems are likely to be impacted by water stress and all measurements were
averaged or aggregated at daily scales, 30% of the daily measurements were used as a test
set. We confirmed that the machine learning method used did not influence our results by
examining alternative approaches (e.g. XGBoost) (Figure A3.1, Chen and Guestrin 2016).

As we want to disentangle the effects of each predictor, especially the VPD and SWC im-
pacts, we implemented an Accumulated Local Effects (ALE) analysis based on the trained
random forest models (Apley and Zhu 2020). ALE is a machine learning model-agnostic
interpretation method that effectively captures the impacts of each feature while accounting
for potential interactions with other features within the model. By aggregating the local
influences of SWC and VPD, we aim to obtain a comprehensive understanding of the global
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impact these two variables have on the model’s predictions. This approach enabled us to
overcome the limitations of partial dependence plots (PDPs), which may produce biased re-
sults when feature interactions are present. Consequently, the application of ALE provided
a more reliable means for assessing the individual contributions of SWC and VPD in our
machine learning model, thus promoting confidence in our analysis. In the context of our
study, the application of the ALE method would help to answer our overarching research
questions by isolating the specific influences of SWC and VPD on WUE.

For each site, we trained a random forest model to predict the fluxes, then applied the ALE
method to analyze how each environmental factor contributed to the overall effects. We also
evaluated the level of water stress by splitting the data set of each site according to their
corresponding VPD and SWC percentile with regard to all sites. Then, we calculated the av-
erage ALE of each percentile bucket of each site, then analyzed the overall normalized ALE
by averaging across sites. ALE allows for more specific comparisons between controls on
WUE across ecosystems, showing how changes in environmental factors translate to model
predictions. The ALE analysis was carried out using the Alibi python package for machine
learning model inspection and interpretation (Klaise et al. 2021).

3.3 Results

Modeling of WUE in different ecosystems

At the ecosystem level, we observed a considerable variation in water use efficiencies (WUEs)
across distinct ecosystems (Figure 3.1). Employing three different WUE metrics in our anal-
ysis, we discerned analogous patterns in the diversification of WUEs among various ecosys-
tems. Generally, our results show that forest ecosystems (BF, MF, and NF') exhibited higher
WUESs, with no statistically significant differences between them on average. In contrast,
grassland (GRA) and shrubland (SH) ecosystems demonstrated lower WUESs, particularly for
shrublands, which displayed approximately half the efficiency compared to forest ecosystems.
Moreover, our results indicated that our Random Forest (RF) model was largely successful in
capturing the variations in GPP, ET and WUEs among different sites, achieving an average
R? value of at least 0.7 for the analyzed fluxes across all sites (Figure A3.2). Overall, it was
more challenging to model WUEs compared with GPP and ET.
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Figure 3.1: WUESs of different ecosystems during the growing season from the flux tower
observations. The blue bars denote the mean WUESs of sites in each IGBP group, and the
error bars present the standard deviation. The number of sites used is also presented in (d).
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GPP, ET and WUE Responses to Water Stress: ALE Analysis
Insights

Applying the ALE analysis, we investigated the differential responses of GPP and ET to wa-
ter stress (Figure 3.2). We found that both SWC and VPD significantly contributed to the
variation of GPP across the aridity gradient. The normalized GPP, on average, increased
from approximately -0.1.5 to 0.1 as SWC increased. However, upon reaching a generally
higher SWC, the normalized GPP ceased to increase further. In the case of VPD, we simi-
larly observed that the normalized GPP substantially declined with increasing atmospheric
demand but did not continue to decrease when attaining a generally higher VPD value.

In contrast, our analysis revealed that the normalized ET, on average, was more closely asso-
ciated with SWC. As SWC increased, ET followed the pattern and then plateaued. However,
ET remained generally stable, albeit with variations from site to site, across different gradi-
ents of VPD.

Regarding WUE(ET), we observed a generally consistent decline as VPD increased. This
pattern was largely consistent across sites, with more than 80% of the sites demonstrating a
significant overall ALE of VPD. In contrast, the relationships between SWC and WUE were
less well-defined across sites. On average, SWC’s contribution to WUE remained relatively
constant, albeit with considerable variation. Similar findings were observed when employing
WUE(T), although the uncertainty was notably higher, which is likely attributable to the
differences among the three distinct partitioning methods.
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Figure 3.2: Normalized ALE of GPP, ET and WUESs to changes in the different percentiles
of VPD and SWC across different sites. The central line indicates the mean normalized ALE
across sites, and the dashed area indicates the standard deviation across sites.
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Variations in WUE Across Aridity Gradients

We also examined the normalized sensitivities of GPP, ET, and WUEs to both VPD and
SWC in generally arid (with aridity index < 0.65) and mesic (with aridity index > 0.65)
sites (Figure 3.3). For GPP, we determined that arid sites were generally more sensitive
to SWC than VPD, whereas mesic sites exhibited greater sensitivity to VPD, with SWC
having a comparatively minimal impact on average. In the case of ET, SWC had a more
substantial contribution compared to VPD for both arid and mesic sites, as the majority
of sites demonstrated minimal or no VPD sensitivities. For both WUE(ET) and WUE(T),
we observed higher sensitivities to VPD in both metrics, while SWC displayed much lower
sensitivities.

Similarly, we looked at the normalized sensitivities of GPP, ET, and WUEs to both VPD
and SWC across different ecosystems (Figure 3.4). In terms of GPP responses, we observed
that most ecosystems exhibited sensitivities to both VPD and SWC. For NF sites, GPP
displayed a higher sensitivity to VPD than to SWC, whereas for SAV sites, GPP was more
sensitive to SWC. Regarding ET, we discovered that most ecosystems demonstrated more
sensitive responses to SWC compared to VPD, while BF, MG, and NF sites exhibited, on
average, lower sensitivities. For both WUE(ET) and WUE(T), the majority of sites showed
a more consistent response to VPD compared to SWC, with more arid ecosystems such as
GRA and SAV displaying relatively lower sensitivities.
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and mesic sites based on aridity index. The bar denotes the mean sensitivities of sites in
that IGBP group, and the error bar presents the standard deviation. The number of sites
used were also presented.
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Figure 3.4: Normalized sensitivities of GPP, ET and WUEs to VPD and SWC in different
ecosystems. The bar denotes the mean sensitivities of sites in that IGBP group, and the
error bar presents the standard deviation. The number of sites used were also presented.
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3.4 Discussion

The present study utilized an ALE analysis to explore the regulations of ecosystem-level
WUES, and its components (namely, GPP and ET), in response to high VPD and low SWC
across 64 flux tower sites. Firstly, we looked at how the GPP responded to dry conditions.
The findings demonstrated that GPP was sensitive to both SWC and VPD at most of these
sites. In particular, a significant impact on GPP was observed when SWC was low, causing
a marked decline in GPP, as illustrated in Fig. 2. These findings align with the results
reported by Fu et al. 2022 and Stocker et al. 2019. Furthermore, the study noted that GPP
did not decline further when VPD reached exceedingly high levels, suggesting that stomatal
regulation may play a role during these conditions (Novick et al. 2016). The ongoing debate
on whether GPP is more sensitive to SWC or VPD could be affected by the degree of aridity
at the site, as well as the interactions between SWC and VPD, which may manifest as either
covarying or uncoupled effects. Future research should continue to investigate the complex
interplay between SWC and VPD in regulating GPP, accounting for factors such as plant
functional types, soil properties, and other environmental variables to refine our understand-
ing of ecosystem-level WUE and its responses to changing climatic conditions (Keenan et
al., 2013).

Our findings also indicated that, across most sites, ET exhibited greater sensitivity to SWC
than to VPD. This observation can be attributed to two primary factors. First, given that
ET incorporates soil evaporation, which is more strongly associated with soil moisture, it
is reasonable to expect a heightened sensitivity to SWC (Condon et al. 1993). Second, the
relatively modest responses of ecosystems to ET on average might suggest the presence of
plant-level regulatory mechanisms and a lack of uniformity in site-specific responses to at-
mospheric aridity (Katul et al. 2010).

In our investigation of daily-scale WUE regulation across various ecosystems, we observed
that the majority of sites exhibited a more consistent relationship with VPD. Most sites
experienced a decrease in both WUE(ET) and WUE(T) when VPD was high. This finding
can be ascribed to the heightened sensitivity of GPP to increasing atmospheric demand,
while ET displayed a lesser sensitivity to fluctuations in VPD. Consequently, this resulted in
an overall decline in WUE(ET) and WUE(T) across most sites. Although we also discovered
that SWC contributed significantly to our random forest models (Figure A3.3), the relation-
ships between SWC and WUE were generally more inconsistent across sites. Interestingly,
our analysis revealed that the sensitivities to both VPD and SWC were considerably lower
in more arid sites compared to mesic sites. This observation may suggest an adaptive and
mitigative strategy employed by ecosystems with more frequent exposure to dry conditions.

In theory, there might be an increase in WUE at extremely low VPD conditions. However,
this pattern was not distinctly observable across sites, potentially due to the site-specific
nature of low VPD values and the consequent variability in plant responses. This indicates
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that while there may be a subtle relationship between WUE and low VPD, detecting and
quantifying this relationship is challenging, likely due to the inherent variability in environ-
mental conditions across different ecosystems.

In the current study, we were unable to explore the responses of iWUE to VPD as VPD
was used in its calulation (Beer et al., 2009). It is also important to note that there are
several distinct definitions of iWUE across different research communities; in this chapter.
Additionally, there are also studies that used the slope of GPP over ET as a metric of WUE
Baldocchi et al. 2021, In the current study, as [ was conducting an analysis at daily scale,
I was unable to estimate the daily WUE using this method. Given the existence of multi-
ple definitions of WUE, particularly within the flux tower research community, these varied
interpretations have contributed valuable insights from diverse perspectives. However, this
variety can also complicate the interpretation and comparison of results across different stud-
ies. If the definition of iWUE, as proposed in (Zhou et al. 2015), primarily aims to establish
a consistent and interchangeable relationship between GPP and ET at the ecosystem level
(i.e., to predict GPP based on ET or vice versa), the application of such an indicator may
prove more effective than WUE(ET) and WUE(T).

Lastly, we would like to acknowledge several limitations of the present study. First, although
the ALE method employed in this chapter attempted to differentiate the effects of VPD and
SWC, it may not be perfect, particularly when the interactions between these two predictors
are strong. Nonetheless, ALE is considered more suitable for studies like this in comparison
to PDP and offers an analytical approach for addressing these issues in our research.

Another limitation of the current study is the emphasis on aerodynamic (ra) and stomatal
resistances (rs) in the assessment of WUE, potentially leading to an oversimplified interpre-
tation of ecosystem responses to water stress. While the study considers SWC, it’s important
to note that SWC may not be as direct a forcing as water potential on plant physiological
processes. A more nuanced approach would involve examining the direct impacts of water
potential on WUE, which could offer a clearer understanding of the mechanisms under-
pinning plant responses, particularly under varying soil moisture conditions. Furthermore,
the study’s analysis does not fully address the dynamic interactions between VPD and the
planetary boundary layer (PBL) feedbacks, which are crucial in shaping ecosystem WUE.
Specifically, VPD can respond to transpiration (E) during drought through PBL feedback
mechanisms, an aspect that warrants deeper exploration. The coupling between VPD and
soil moisture, critical for understanding plant physiological responses, is also not thoroughly
examined. A more in-depth investigation into these complex feedback loops and interactions
would provide valuable insights into ecosystem adaptations to concurrent atmospheric and
edaphic changes, thereby enhancing our understanding and predictive capabilities regarding
ecosystem behavior under environmental stress.
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3.5 Conclusion

In conclusion, water use efficiency (WUE) represents a crucial ecosystem property that
interconnects the global carbon, water, and energy budgets. In this chapter, we analyzed
flux tower observations from 64 sites, encompassing over five years of data (753 site-years),
to investigate the response of WUE metrics—WUE(ET) and WUE(T)to dry conditions on
a daily scale, utilizing the ALE method in analytical models. Our results indicate that
both decreased soil water content (SWC) and increased atmospheric water demand (VPD)
can influence ecosystem WUE. However, the majority of sites exhibited a more consistent
response to VPD, with both WUE(ET) and WUE(T) declining as VPD increased. This
outcome can be ascribed to the greater sensitivity of GPP compared to ET in relation to
VPD. Furthermore, our findings reveal that more arid sites tend to exhibit a reduced response
to dry conditions, potentially indicating an adaptive strategy.
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3.7 Appendix

Table A3.1: The detailed information of the sites used in the study. Here, I used the
International Geosphere-Biosphere Program (IGBP) scheme to identify the biome types of
different sites: evergreen needleleaf forest (ENF), grassland (GRA), deciduous broadleaf
forest (DBF), open shrubland (OSH), mixed forest (MF), woody savanna (SVA), wetland
(WET) and evergreen broadleaf forest (EBF) sites. The Al type indicated the aridity index
based classification of the sites.

SitelID First Year Last Year Lat Lon IGBP Al type
US-1B2 2004 2011 41.8406  -88.241 GRA  >0.65
ES-LJu 2004 2013 36.9266  -2.7521 OSH >0.65
IT-Lav 2003 2014 45.9562  11.2813 ENF >0.65
US-MMS 1999 2014 39.3232 -86.4131 DBF >0.65
CH-Dav 1997 2014 46.8153  9.8559 ENF >0.65
AU-Dry 2009 2014 -15.2588 132.3706 SAV >0.65
US-SRG 2008 2017 31.7894 -110.8277 GRA  <0.65
CH-Cha 2005 2014 47.2102  8.4104 GRA  >0.65
IT-SRo 1999 2012 43.7279  10.2844 ENF >0.65
IT-Ren 1998 2013 46.5869 11.4337  ENF >0.65
US-Whs 2007 2014 31.7438  -110.0522 OSH <0.65
IT-MBo 2003 2013 46.0147  11.0458 GRA  >0.65
CH-Fru 2005 2014 47.1158  8.5378 GRA  >0.65
CZ-BK1 2004 2014 49.5021  18.5369 ENF >0.65
US-Me2 2002 2017 44.4523  -121.5574 ENF <0.65
US-SRM 2004 2014 31.8214  -110.8661 WSA  <0.65
FI-Hyy 1996 2014 61.8474  24.2948 ENF >0.65
CA-TP3 2002 2014 42,7068 -80.3483 ENF >0.65
DE-Gri 2004 2014 50.95 13.5126 GRA  >0.65
CH-Oel 2002 2008 47.2858  7.7319 GRA  >0.65
CA-Obs 1997 2010 53.9872  -105.1178 ENF >0.65
US-NR1 1998 2014 40.0329 -105.5464 ENF >0.65
US-Oho 2004 2013 41.5545 -83.8438 DBF >0.65
MY-PSO 2003 2009 2.973 102.3062 EBF >0.65
US-Ton 2001 2014 38.4309 -120.966 WSA  <0.65
US-Me3 2004 2009 44.3154  -121.6078 ENF <0.65
IT-Rol 2000 2008 42,4081 11.93 DBF >0.65
DK-Sor 1996 2014 55.4859  11.6446 DBF >0.65

US-WCr 1999 2014 45.8059 -90.0799  DBF >0.65
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BE-Vie 1996 2014 50.3049  5.9981 MF >0.65
US-GLE 2004 2014 41.3665 -106.2399 ENF >0.65
CA-TP2 2002 2007 42,7744  -80.4588 ENF >0.65
CZ-BK2 2004 2012 49.4944  18.5429 GRA  >0.65
ZM-Mon 2000 2009 -15.4391  23.2525 DBF >0.65
DE-Tha 1996 2014 50.9626  13.5651 ENF >0.65
AU-DaS 2008 2014 -14.1593 131.3881 SAV >0.65
CH-Lae 2004 2014 474783  8.3644 MF >0.65
CA-SF3 2001 2006 54.0916  -106.0053 OSH >0.65
IT-Tor 2008 2014 45.8444  7.5781 GRA  >0.65
AT-Neu 2002 2012 47.1167  11.3175 GRA  >0.65
IT-Col 1996 2014 41.8494  13.5881 DBF >0.65
IT-Ro2 2002 2012 42.3903  11.9209 DBF >0.65
US-Blo 1997 2007 38.8953  -120.6328 ENF >0.65
CA-Qfo 2003 2010 49.6925 -74.3421 ENF >0.65
DE-Lnf 2002 2012 51.3282  10.3678 DBF >0.65
FI-Sod 2001 2014 67.3624  26.6386 ENF >0.65
FR-LBr 1996 2008 44,7171 -0.7693 ENF >0.65
IT-Cpz 1997 2009 41.7052  12.3761 EBF >0.65
DE-Obe 2008 2014 50.7867  13.7213 ENF >0.65
AU-Stp 2008 2014 -17.1507 133.3502 GRA  <0.65
RU-Fyo 1998 2014 06.4615  32.9221 ENF >0.65
IT-Noe 2004 2014 40.6062  8.1517 CSH <0.65
CA-Oas 1996 2010 53.6289  -106.1978 DBF >0.65
US-Syv 2001 2014 46.242 -89.3477  MF >0.65
US-Wkg 2004 2014 31.7365 -109.9419 GRA  <0.65
US-Var 2000 2014 38.4133 -120.9508 GRA  <0.65
CA-SF2 2001 2006 54.2539  -105.8775 ENF >0.65
CA-Gro 2003 2014 48.2167 -82.1556 MF >0.65
AU-DaP 2007 2013 -14.0633 131.3181 GRA  >0.65
NL-Loo 1996 2014 52.1666  5.7436 ENF >0.65
DE-Hai 2000 2012 51.0792  10.4522 DBF >0.65
AU-How 2001 2014 -12.4943 131.1523 WSA  >0.65
US-SRC 2008 2014 31.9083 -110.8395 OSH <0.65
CA-TP1 2002 2014 42.6609 -80.5595 ENF >0.65
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Figure A3.1: Similar to Figure 3.2, with the model trained using XGBOOST.
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Figure A3.2: The overall R? of the trained random forest models to predict fluxes in different
sites.



3.7. APPENDIX

(a) GPP (b)ET (c) WUE(ET)
‘ J 03
w -
g orf T :[ 01
g =2 |
2 <065 >0.65 0.65 >0.65 § <0.65 0.65
£
e
2 (d) WUE(T)
@
L]
w
03
" ey
01
<065 0.65
Al

90

Figure A3.3: Feature importance of SWC and VPD in models for GPP, ET and WUE.



91

Conclusion

My journey into flux tower observations began in 2016 while working on my master’s thesis,
which was centered on the remote sensing of phenology. Over the subsequent seven years, my
interest and dedication to this area of study deepened. In this dissertation, I progressed from
processing flux tower data to providing an updated version for the research community, and
then moved to more intricate analyses. This work has, in my view, significantly expanded
upon and enriched my prior experiences.

Understanding the carbon and water cycles of global terrestrial ecosystems is crucial, es-
pecially given the rising concerns about climate change and environmental sustainability.
This dissertation aimed to provide insights into these relationships through a data-driven
approach. Leveraging globally available datasets, I have furthered my knowledge in this
domain by focusing on three main aspects: refining the AmeriFlux data product, analyzing
ecosystem autumn phenology, and evaluating water use efficiency across diverse ecosystems.

The first chapter highlights the enhancement of the AmeriFlux datasets through the ONE-
Flux BETA release, which significantly expanded flux data availability by including obser-
vations for 63 sites, with many not previously featured in earlier releases or the FLUXNET
2015 datasets. This update has been widely adopted, evidenced by over 168 downloads, for
applications ranging from multi-site synthesis to remote sensing studies. The evaluation of
ERA-Interim meteorological data against flux tower observations revealed varied reliability,
with strong correlations in some parameters but moderate in others, indicating the impact of
local environmental conditions. The analysis of Net Ecosystem Exchange (NEE) partition-
ing methods across different ecosystems highlighted the importance of method selection for
accurate carbon flux interpretation, underscoring the dataset’s utility in ecological research.
The comparison with other datasets like FLUXNET2015 and the incorporation of feedback
from a wide range of uses, including model validation and educational purposes, demonstrate
the dataset’s critical role in advancing understanding of biosphere-atmosphere interactions.

The second chapter challenges the recently proposed hypothesis that a productive growing
season leads to earlier leaf senescence. My research indicates the opposite: a more productive
growing season actually are associated with delayed end-of-season senescence across different
ecosystems. This finding contradicts the existing hypothesis, shedding light on the complex
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dynamics between growing season productivity and the timing of autumn senescence. It em-
phasizes the importance of further research and targeted experiments to unravel the specific
mechanisms.

My third chapter focused on the pivotal role of water use efficiency (WUE) within global
ecosystems. Analyzing data from 64 flux tower sites, I discovered that while soil water
content and atmospheric water demand influence WUE, there was a more consistent re-
sponse to atmospheric demand across most sites. The introduction of an adjusted metric,
iWUE, showed less variation and proved effective in capturing the effects of atmospheric
water stress. My findings further suggest that ecosystems in more arid regions might exhibit
adaptive strategies to cope with drier conditions.

This research contributes to a nuanced understanding of the interrelated roles of global car-
bon and water cycles in shaping terrestrial ecosystems. Through a data-driven examination,
it has begun to unravel pivotal insights concerning these cycles. The enhancement of the
AmeriFlux data product, discussed in the first chapter, represents a step forward in refining
the tools available for future investigations, underscoring the critical need for precise and
comprehensive datasets to elucidate land-atmosphere interactions. The subsequent chapters,
by questioning prevailing views on growing season productivity and illuminating the varia-
tions in water use efficiency, underscore the intricate complexities of these global cycles and
their significant impacts on ecosystems.





