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Abstract Structurally complex forests optimize resources to assimilate carbon more effectively, leading

to higher productivity. Information obtained from Light Detection and Ranging (LiDAR)-derived canopy
structural complexity (CSC) metrics across spatial scales serves as a powerful indicator of ecosystem-scale
functions such as gross primary productivity (GPP). However, our understanding of mechanistic links

between forest structure and function, and the impact of disturbance on the relationship, is limited. Here,

we paired eddy covariance measurements of carbon and water fluxes from nine forested sites within the

10 x 10 km CHEESEHEADI19 study domain in Northern Wisconsin, USA with drone LiDAR measurements
of CSC to establish which CSC metrics were strong drivers of GPP, and tested potential mediators of the
relationship. Mechanistic relationships were inspected at five resolutions (0.25, 2, 10, 25, and 50 m) to
determine whether relationships persisted with scale. Vertical heterogeneity metrics were the most influential
in predicting productivity for forests with a significant degree of heterogeneity in management, forest type, and
species composition. CSC metrics included in the structure-function relationship as well as driver strength was
dependent on metric calculation resolution. The relationship was mediated by light use efficiency (LUE) and
water use efficiency (WUE), with WUE being a stronger mediator and driver of GPP. These findings allow us
to improve representation in ecosystem models of how CSC impacts light and water-sensitive processes, and
ultimately GPP. Improved models enhance our capacity to accurately simulate forest responses to management,
furthering our ability to assess climate mitigation strategies.

Plain Language Summary The way that trees are arranged within a forest impacts the forest's
ability to use light and water resources for photosynthesis. Forests that are arranged in more complex ways do a
better job of using available resources, and have higher rates of photosynthesis, or productivity. By combining
data that describes the complexity of the forest with data that describes how much photosynthesis is occurring,
we can better understand which factors impact that relationship, and which types of forest complexity are the
most important. We used data from nine temperate forest sites with a long history of management and found
that vertical complexity was the most influential, and that the intensity of management had a large impact on
the relationship between complexity and productivity. We also found that the relationship was controlled by
how efficiently the forest used the available resources, and that the spatial resolution at which the data were
examined changed the relationship. These findings will allow us to improve the mathematical models we use
to test the impacts of forest management on forest productivity, which will enhance our ability to manage our
resources in the face of climate change.

1. Introduction

Recent studies have indicated strong links between forest canopy structural complexity (CSC) and key ecosystem
functions such as carbon and water cycling (Atkins, Bohrer, et al., 2018; Atkins, Fahey, et al., 2018; Déanescu
et al., 2016; Gough et al., 2019; Hardiman et al., 2011; Zhang et al., 2012). Mapping these links is a fundamental
aspect of scaling measurements from the leaf to the landscape level and beyond, a preeminent challenge in the
field of ecosystem ecology (Bonan, 2008; Fahey et al., 2019), yet the mechanisms underlying these links remain
unclear. One approach to addressing this knowledge gap is through the pairing of high-frequency measurements
of land-atmosphere exchange with high resolution measurements of CSC taken within the same spatial domain,
to isolate mechanistic connections between forest structure and function. Forest CSC characterizes the three-di-
mensional arrangement of vegetation in a forest and includes variables such as rugosity, vertical complexity
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index, and mean canopy height (Atkins, Bohrer, et al., 2018; Atkins, Fahey, et al., 2018; McElhinny et al., 2005).
Taken together, these variables constrain the ability of the forest to assimilate available resources, and thus the
capacity for photosynthesis (Ehbrecht et al., 2021). The prevailing theory is that structurally complex forests are
better able to optimize incoming light and water resources to assimilate carbon more effectively (Anten, 2016;
Atkins, Bohrer, et al., 2018; Atkins, Fahey, et al., 2018; Gough et al., 2016; Hardiman et al., 2011). It has been
suggested that heterogeneous mixed forests with higher levels of CSC are tied to a heightened ability to capitalize
on available resources, in part due to functional trait variability and niche differentiation (Danescu et al., 2016;
Hillebrand et al., 2018; Williams et al., 2016; Zhang et al., 2012).

Studies have shown that integrating information obtained from CSC metrics across spatial scales to describe
overall CSC can serve as a powerful indicator of ecosystem-scale functions such as gross primary productiv-
ity (GPP), augmenting other commonly measured characteristics including species composition and diversity
(Atkins, Bohrer, et al., 2018; Atkins, Fahey, et al., 2018; Eitel et al., 2016; Fahey et al., 2019; Gough et al., 2019;
Hardiman et al., 2011; Silva Pedro et al., 2017). Identifying not only which CSC variables have the greatest poten-
tial to predict GPP, but what potential controls or influential factors of the structure-function relationship might
exist is a vital aspect of this effort. As well, relationships between productivity and CSC could provide mecha-
nistic evidence for using these CSC metrics as predictors of forest carbon storage capacity and functionality. To
understand the relationship between forest structure and ecosystem functions such as carbon and water cycling,
structural complexity must be characterized in a reproducible way that can be easily incorporated into modeling
and statistical analysis. Light Detection and Ranging (LiDAR) offers a way to robustly quantify aspects of struc-
tural complexity, and helps address critical knowledge gaps regarding our mechanistic understanding of how
structure determines function (Atkins, Bohrer, et al., 2018; Atkins, Fahey, et al., 2018; Camarretta et al., 2020) by
enabling scientists to look at the relationship between forest structure and function through a more quantitative
lens. This enhanced understanding results in improved process representation in ecosystem models, advancing
our ability to predict ecosystem responses to human management and disturbance, as well as how that response
interacts with other components of the earth system. However, as a community we are now faced with the chal-
lenge of deciphering which CSC metrics provide novel and relevant information related to ecosystem function,
and how those metrics are impacted by spatial scale. Previous work has addressed pertinent issues related to clas-
sification and standardization of CSC metrics (Atkins, Bohrer, et al., 2018; Atkins, Fahey, et al., 2018; Hardiman,
Bohrer, et al., 2013; Hardiman, Gough, et al., 2013; Parker et al., 2004; van Ewijk et al., 2011), but relatively
fewer studies have explored the issue of spatial scale in calculating and representing CSC metrics, especially
when using aerial-based LiDAR systems.

Multiple LiDAR formats exist, including portable canopy, terrestrial laser scanning, spaceborne, and aerial
LiDAR systems, and systems can be discrete-return or continuous-return recording. Each system is subject to
different constraints, e.g., terrestrial laser scanning and aerial systems often encounter issues of canopy occlusion
(Donager et al., 2021; Hardiman et al., 2018), and differences in how data are collected and used to calculate CSC
metrics can impact CSC metric values. Synthesizing data from multiple LiDAR forms is one potential avenue to
overcome the limitations associated with individual LiDAR formats (Hardiman et al., 2018) and advance scaling
efforts. To successfully do this, an enhanced understanding of the impacts of scale on CSC data collected via
different LiDAR formats is required. This study seeks to contribute to this effort by evaluating the mechanistic
relationship between forest structure and function at multiple spatial resolutions ranging from 0.25 to 50 m, using
Unoccupied Aerial System (UAS) LiDAR-derived CSC metrics to characterize forest structure, and high-fre-
quency eddy covariance (EC) flux data of land-atmosphere CO, exchange to quantify ecosystem function. Fine
spatial resolutions such as 0.25 and 2 m pixel sizes are included in this study to investigate the relationship
between ecosystem function and fine-scale heterogeneity in CSC, which is closely tied to the determination of
site microclimates (Ehbrecht et al., 2017), canopy light environments (Tang & Dubayah, 2017), and ultimately
patterns of ecosystem functional response to changes in CSC (Smith et al., 2019). The ability of UAS LiDAR
systems to capture three-dimensional profiles of stand structure is particularly useful in the mixed temperate
forests of the upper Midwest USA, where once even-aged forests are undergoing a transition to more complex
systems as they approach advanced stages of successional development following a long history of intensive
disturbance (Bogdanovich et al., 2021; Frelich, 1995; Hardiman et al., 2011). In addition, three-dimensional
profiles from LiDAR provide important information about the distribution of foliar traits that drive photosynthe-
sis at the leaf level (Chlus et al., 2020; Kamoske et al., 2021).
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The impact of human management and disturbance on structure-function relationships varies depending on
the severity, frequency, spatial scale, and intensity of the event (Ehbrecht et al., 2021; Ford & Keeton, 2017).
Smaller spatial scale and less severe disturbances such as the selective harvest of a given percentage of large
trees within a stand tend to increase complexity by creating favorable conditions for understory trees to estab-
lish, which results in multilayered canopies (Wisconsin Department of Natural Resources, 2020). This amplified
subcanopy growth occurs because disturbance drives a compensatory physiological response to more readily
available light, which can also help sustain overall production even in the face of frequent low severity distur-
bances (Hardiman, Bohrer, et al., 2013; Hardiman, Gough, et al., 2013). In contrast, high intensity and severity
disturbances that occur at broad spatial scales such as clearcutting or a high-mortality wildfire event tend to
simplify CSC initially, leading to a temporary reduction in productivity (Gough et al., 2007), although stands
often recover to predisturbance carbon uptake levels within the 10-20 years following a major disturbance event
(Amiro et al., 2010).

Variability in disturbance legacies combined with a primarily mixed broadleaf-conifer forest composition and
general landscape heterogeneity result in large variations in both carbon dynamics and stand complexity at the
ecosystem scale. As CSC has been shown to be positively correlated with stand production, characterizing the
mechanistic relationship between complexity and productivity will enable better representation of the potential
impacts of these transitions in successional stage and complexity on carbon sequestration in Midwestern forests
(Forrester et al., 2013). The study design of the 2019 Chequamegon Heterogenous Ecosystem Energy-balance
Study Enabled by a High-density Extensive Array of Detectors (CHEESEHEAD19) field experiment provided
a unique opportunity to partially control for the influence of variability in climate, edaphic factors, and forest
functional types on productivity, allowing for a more representative physiological understanding of the struc-
ture-function relationship than has been previously demonstrated.

The objective of this study was to identify mechanistic relationships between forest structure and function, explore
potential controls or mediating factors on that relationship, and determine whether or not the structure-function
relationship persisted when structural metrics were calculated at a variety of resolutions.

In pursuit of this objective, this project addressed four primary research questions:

1. Which CSC metrics are most influential for the prediction of stand primary productivity in mixed temperate
forests with a high degree of heterogeneity and a long history of management?

2. How do management legacies impact these influential CSC metrics, and ultimately stand productivity?

3. Is the mechanistic relationship between forest structure and function direct, or is it mediated by other factors
such as resource use efficiency (RUE)?

4. Is the mechanistic relationship between forest structure and function dependent upon the scale of structural
metric calculation?

2. Methods
2.1. Experimental Design

This study utilized land-atmosphere exchange and CSC data collected at nine of the CHEESEHEAD19 field
campaign study sites in Northern Wisconsin, USA. The CHEESEHEAD19 field campaign spanned from June to
October 2019, during which 17 EC flux towers from the National Science Foundation Lower Atmosphere Observ-
ing Facility (LAOF) were deployed across a 10 X 10 km study domain. These 17 towers were in addition to the
preexisting landscape-level AmeriFlux tall tower US-PFa situated within the study domain (Davis et al., 2003),
and two additional temporary EC flux towers supported by Dr. Paul Stoy, bringing the total number of CHEESE-
HEAD19 EC towers to 20. The temporary CHEESEHEAD19 EC tower sites included 14 forested (primarily
mixed conifer and broadleaf) sites, two tussock locations, one grass, and two lake locations. The primary research
interests of CHEESEHEAD19 were to explore potential drivers behind the enduring lack of energy balance
closure frequently observed over heterogeneous landscapes, and to address persistent challenges associated with
upscaling surface energy fluxes (Butterworth et al., 2021). The study period reflects both the summer season
land-atmosphere exchange as well as exchanges during the transition of vegetation into senescence. This obser-
vational period was chosen to support the energy balance related research interests of CHEESEHEADI19, as it
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Figure 1. Map depicting the location of the study site within a regional and state context. The black circle on the state map
depicts a 60-km radius around the location of the Park Falls, Wisconsin WLEF tall tower. Colored dots represent the nine
sites within the 10 x 10 km CHEESEHEAD19 study domain (represented by the black square) selected for measurement of
forest composition.

captures the shift in energy balance from a latent heat flux dominant landscape to a sensible heat flux dominant
landscape (Butterworth et al., 2021).

Forest CSC was measured at nine of the forested CHEESEHEAD19 study sites using UAS mounted discrete-re-
turn LiDAR (Figure 1). These nine sites were selected given their forested composition and representative
forest type, as well as overlap with flux tower footprints. While climatic conditions and topography are shared
across the nine sites, the selected sites span a range of successional stages, dominant vegetation types, manage-
ment histories, and degrees of heterogeneity. Through pairing EC surface-atmosphere carbon and water fluxes
with LiDAR-derived forest CSC metrics, mechanistic relationships between forest structure and function could
be directly tested.

Mechanistic relationships were explored using best subsets regression for initial model selection and structural
equation modeling (SEM), specifically path analysis. Best subsets regression is a variable selection technique
where all possible combinations of predictor variables are explored, and a subset of predictive models are selected
based on a suite of model fit and performance criteria (Hocking & Leslie, 1967). The top three models for each
metric calculation resolution identified using best subsets regression were then evaluated through SEM to isolate
the single best-fit model for each resolution. The application of SEM allows for the establishment not only of
which CSC metrics are influential in predicting GPP, but the specific strengths, significance, and variability of
their predictive power. In addition, SEM allows for the testing of variables that potentially serve as mediators
of the relationship between CSC and GPP, through the comparison of reduced and saturated model designs
(Fan et al., 2016). This study explored the viability of resource use efficiency (RUE) as a mediator of the struc-
ture-function relationship, as previous studies have demonstrated it to be a strong predictor of forest productivity
(Atkins, Bohrer, et al., 2018; Atkins, Fahey, et al., 2018; Gough et al., 2019). Both water use efficiency (WUE)
and light use efficiency (LUE) were used to represent overall stand RUE.
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RUE describes how well a forest stand captures and utilizes its available resources to fix carbon dioxide, with
greater efficiency typically resulting in higher levels of biomass production (Anderson-Teixeira et al., 2021;
Binkley et al., 2004). This paper focuses specifically on light and water as the primary limiting resources
controlling the rate of photosynthesis, although other factors including the supply of CO,, concentration of
photosynthetic enzymes such as Rubisco, and availability of catalysts including nitrogen and phosphorous have
been explored at length in other studies (Ainsworth & Long, 2005; Hardiman, Bohrer, et al., 2013; Hardiman,
Gough, et al., 2013; Tang et al., 2018). In addition, these mechanistic relationships were inspected at different
structural metric calculation resolutions to determine whether the relationships persisted with scaling, or if they
were simply artifacts of the resolution at which metrics were calculated. Structural metrics were calculated from
discrete LiDAR returns (heights) collected at spatial resolutions of 0.25, 2, 10, 25, and 50 m. These five spatial
resolutions refer to the size of each pixel contained within the gridded site area, where the gridded area is trimmed
to match the average flux footprint of each site. For example, for the majority of the metrics calculated in this
study, a metric calculation resolution of 2 m would correspond to a site area broken up into a grid of 2 m X 2 m
pixels. CSC metric values are calculated using the LiDAR returns contained within each pixel, and metric values
from each pixel are averaged together into a single representative value for each metric at each site. This range of
CSC metric calculation resolutions was selected to (a) investigate fine-scale heterogeneity in structural complex-
ity and its impact on ecosystem function, (b) overlap with the resolution of satellite-derived data products from
instruments such as the Global Ecosystem Dynamics Investigation (GEDI) full-waveform LiDAR mounted on the
International Space Station, and (c) represent a broad enough range in spatial scale to explore the dependency of
metric values and derived mechanistic relationships of forest structure and function on spatial scale.

2.2. Site Description

The study area is a 10 X 10 km domain located in the Chequamegon-Nicolet National Forest in Northern Wiscon-
sin. Most of the region is heavily forested and trees are primarily broadleaf but a significant conifer presence
exists as well. There is a high degree of heterogeneity representative of a typical midlatitude forest, displaying a
diverse array of wetlands, meadows, streams, and lakes in addition to forest cover. Typical homogenous patches
of land cover are generally around 20 ha or less (Desai et al., 2015). Heterogeneity is further accentuated by a long
history of nonuniform forest management practices including thinning and clearcuts, resulting in increased varia-
bility in stand age and structure. Forests in Northern Wisconsin typically have an age distribution centered around
“middle age,” or 40-90 years (Birdsey et al., 2014; Wisconsin Department of Natural Resources, 2019). This age
pattern is reflective of the fact that the majority of the forested land was logged in the mid-19th to early 20th
century to clear land for agricultural purposes (Desai et al., 2008; Gough et al., 2007; Rhemtulla et al., 2009),
which was followed by subsequent periods of agricultural land abandonment, reforestation, fire suppression, and
intensive timber harvest (Birdsey et al., 2006). In addition to human management, the region experiences natural
disturbance due to windstorms, insect invasion, and occasionally fire (Gough et al., 2007). Fires were historically
influential during times of land clearing and Euro-American settlement (Rhemtulla et al., 2009), but wind damage
has had more consistent impacts on stand structure and carbon storage over time (Schulte & Mladenoff, 2005).

The study domain is of relatively consistent low-grade elevation and human population is minimal. Slight varia-
tions in terrain elevation in combination with significant precipitation in all seasons results in a mix of saturated
(wetland) and unsaturated (upland) sandy loam soils (Davis et al., 2003). Upland forests comprise roughly 65%
of the landscape (Wisconsin Department of Natural Resources, 2019) and broadleaf deciduous tree types include
quaking aspen (Populus tremuloides), sugar maple (Acer saccharum), red maple (Acer rubrum), basswood (Tilia
americana), beech (Fagus grandifolia), and several varieties of oak and birch. Coniferous tree varieties include
balsam fir (Abies balsamea), red, white, and jack pine (Pinus resinosa, Pinus strobus, Pinus banksiana), and
white spruce (Picea glauca). Wetlands are both forested and unforested and account for ~35% of the land cover
(Wisconsin Department of Natural Resources, 2019). Wetland tree species include alder (Alnus incana), cedar
(Thuja occidentalis), tamarack (Larix larcina), and black spruce (Picea mariana; Davis et al., 2003). The area
has a Koppen climate classification of Dfb, and experiences a humid continental climate characterized by warm
humid summers and cold snowy winters, with no significant difference in precipitation amount between seasons
(Arnfield, 2021).
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Table 1 2.3. Measurements
LiDAR Footprint Size, Instrument Installation Heights, and Tree Height 2.3.1. Flux Towers

Metrics for Each of the Nine Selected Forest Plots

EC flux instrument height ~ Avg. tree

Exchanges of carbon, water, and energy between the atmosphere and the

Site LiDAR footprint (km?) (m) height (m) land surface were collected at a frequency of 20 Hz using an open-path
— e = e infrared H,O and CO, gas anal}fzer (.Campbe.ll Scientific EC150) an(.l sonic

anemometer to measure three-dimensional wind speed (Campbell Scientific
e 0z =2 S CSAT3AW). In addition to flux-specific instrumentation, the nine selected
NE4 0.18 32 18.70 sites were similarly outfitted with meteorological instruments including
NW2 0.23 12 8.80 slow-response air temperature and humidity sensors (NCAR SHT), barom-
SE3 0.82 32 8.10 eters (Vaisala PTB210), and 4-component radiometers (Hukseflux NRO1).
SE5 0.22 13 12.40 Gas analyzers, sonic anemometers, barometers, and radiometers were all
o . . 16190 mountéd at the top of the ]:EC towers above. t.he loc?al forest can.opyt mount-

ing heights are presented in Table 1. Additional instrumentation included
L 0.22 £ 10-90 tower-mounted air temperature sensors at two levels within the canopy (2 m
Sw4 0.82

32 13.50 and midcanopy, which varied by site), and soil sensors (NCAR 4-level Tsoil,

Meter EC-5 Qsoil, REBS HFT Gsoil, and Hukseflux TPO1 Csoil) buried

near the base of each tower in the upper soil profile (0-5 cm). Instrument

power was supplied via exchangeable batteries, which occasionally resulted
in minimal data loss due to limited recharging capacity at the field operations base. NRO1 radiometer deployment
was delayed for sites NW2, NE3, SW2, and SES, therefore no data exists for approximately the first 25 days of the
study period. Radiometer data was filtered for sensor wetness and cleaning periods. Gas analyzers were cleaned
2-3 times during the study, and data was filtered out for periods of significant nighttime dew formation, which
resulted in sensor biases.

Turbulent fluxes of carbon, water, and energy were calculated every 30 minutes from high-frequency (20 Hz)
EC measurements. Prior to gap filling, a friction velocity («*) threshold calculation was performed using the
approach outlined in Wutzler et al. (2018), where the u* threshold is estimated with the moving point test. u* is a
reference wind velocity that represents the shear stress arising through movement across the land surface. Below
the u* threshold, turbulent mixing is weak enough that flux measurements are considered nonrepresentative of
the actual flux state, and thus net ecosystem exchange (NEE) flux data are filtered out during those time periods.
Gap filling and filtering of flux data were performed using the software REddyProc (Wutzler et al., 2018). Prior
to gap filling, an average of 37% of NEE values were missing across all nine sites, with individual site missing
values ranging from 26% (SW2) to 61% (SES). A visual representation of EC quality control results for the four
checks performed (sonic diagnostic, infrared gas analyzer diagnostic, stationarity, and integral turbulence char-
acteristics) is shown in Figure S3 in Supporting Information S1. Missing data occurred to some degree at every
site, although the reasons for missing data (equipment malfunction or cleaning, temporary power loss, moisture
interference, etc.) varied. GPP was approximated from NEE using the flux partitioning method described in
Reichstein et al. (2005) and was calculated using both the nighttime and the light response curve methods for
respiration (Reichstein et al., 2012).

2.3.2. Drone-Based LiDAR

To characterize three-dimensional forest structure, we employed a Routescene © discrete-return LiDAR onboard
a UAS hexacopter DJI M600 Pro to collect high-density 3D scans (~600 points m~2). Over the span of 25-29
June 2019, we surveyed the footprints of the nine selected flux tower sites and areas ranging between 0.25 and
1 km? per site (Table 1) with a flight footprint of approximately 500 X 500 m. Autonomous flights (with a dura-
tion of ~20 min each) were programmed using Universal ground Control Software (UgCS) v3.2.113. Flights
were performed at a speed of 6 m s™!, 60 m above ground level, and 60 m side distance between parallel flight
lines. Raw data were boresight calibrated, filtered and LiDAR heights were *.laz exported using Routescene
proprietary software LidarViewer ©. Points within 1-mm radius were filtered and a box range filter centered on
the sensor for each scan (scan rate 10 Hz) of 120-m width, 180-m height, and 120-m length was applied, ensur-
ing each flight line would have complete overlap with other flight lines. Random noise was addressed using a
statistical outlier removal filter and combined (only for multiple flights per site) in CloudCompare v2.10 (2019).
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Table 2
Age, Disturbance, and Management History Data for the Nine Selected Forested Sites

Site Average stand age Minimum stand age Maximum stand age ~~ Management and disturbance history

NE2 56.77 92 18 Selective harvest, thinning, clearcut,
blowdown, planting

NE3 71.29 108 41 Clearcut
NE4 108.5 150 76 Thinning, harvest

Nw2 44.08 111 7 Blowdown, clearcut, thinning,
planting, selective harvest

SE3 42 64 22 Hail damage, clearcut

SE5 55.67 106 7 Clearcut, shelterwood harvest,
planting, thinning

SE6 49.5 92 19 Hail damage, blowdown, clearcut,
thinning, harvest

SW2 63.5 124 26 Clearcut, planting
Sw4 76.27 100 39 Blowdown, clearcut, harvest

2.3.3. Stand Age and Disturbance

Stand age and disturbance history data were obtained from the publicly available United States Department of
Agriculture Forest Service Geodata Clearinghouse. All sites had multiple distinct age classes present, represent-
ing a range of successional statuses (Figure S1 in Supporting Information S1). The majority of the sites were
dominated by stands in the young to middle age classes (Table 2), although regeneration saplings younger than
5 years were not specifically accounted for. The young age class corresponds to the stand initiation and stem
exclusion successional stages (Odum, 1969), and the middle age class, defined by Pan et al. (2011) as roughly
40-100 years, corresponds to the understory reinitiation stage. Two sites (NE4 and SW2) contain stands that fall
within the old growth successional stage, characterized in the temperate Lake States (Minnesota, Wisconsin, and
Michigan) by the presence of long-lived tree species that are at or greater than 120 years of age and exist in an
advanced stage of structural development (Frelich, 1995). Forest Inventory Analysis data show that the oldest
forests sampled in the temperate Lake States region are between 200 and 210 years old (Birdsey et al., 2014).

Several sites have experienced significant disturbance in the form of clearcutting and harvest (Table 2), with
the most recent harvest taking place in 2016 (SE6), and the most recent clear cut occurring in 2013 at stands
in sites SE5 and NW2. Harvest is broadly defined here to include selective and shelterwood cuts as well as any
harvest that is not stand replacing, whereas a clear cut specifies a stand replacing harvest occurring within the
last 50 years. In addition to anthropogenic disturbance, sites SE6 and SE3 experienced substantial hail damage
in the year 2000, and large-scale defoliation resulting from Forest Tent Caterpillar infestation occurred across
the domain in 2001 (Wisconsin Department of Natural Resources). Blowdown due to wind stress has also been
noted at sites SW4, SE6, NW2, and NE2, with the damage being most substantial at site SE6. Neither wildfire
nor prescribed burning management activities have been a significant disturbance factor at any of the study plots.
Species-specific planting has occurred at sites SW2, SES, NW2, and NE2. The sites included in this study incor-
porate a range of management and disturbance histories that are broadly representative of temperate forests in the
regional upper Midwest, but the effects of disturbance on forest structure and function explored here are largely
qualitative, as neither stand age nor disturbance are expressly controlled for.

2.4. Statistical Analysis
2.4.1. Metric Extraction

LiDAR generated data sets were analyzed using the R programming language (R Core Team 2021; Version
4.0.4) package lidR (Roussel et al., 2020). The cloth simulation filter was used to identify ground points (Zhang
et al., 2016) and triangulation was used to construct a digital terrain model from the ground points, which was
then height-normalized. For each plot, 20 LiDAR metrics were calculated to describe tree height, arrangement,
and stand complexity using the R programming language package forestr (Atkins, Bohrer, et al., 2018; Atkins,
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Fahey, et al., 2018), a complete list of calculated CSC metrics and references is included in Table S1 in Support-
ing Information S1. forestr gives a comprehensive formulation of metrics for characterizing forest canopy CSC
and arrangement using either portable canopy LiDAR or terrestrial laser scanning ground-based LiDAR plat-
forms. Several metrics described in the /idR R library were adapted for an area-based approach with a UAS plat-
form. With the exception of “Rumple” and “VerticalDistMax,” each of the metrics were calculated by creating a
raster of the site with a value for each pixel, then finding the average or standard deviation for all pixels within
the site. For example, to find the average tree height, a raster of each site was first created where each pixel in the
raster was assigned the average height of all the LiDAR returns within the pixel. For this metric LiDAR returns
under 0.5 m were removed to exclude most ground points from the calculation. To summarize the data as a single
number, the mean of all the pixels in the raster was used. Each raster-based metric was calculated at a resolution
of 0.25, 2, 10, 25, and 50 m per pixel to check for resolution dependencies.

Some metrics require additional explanation. Rumple was computed by creating a canopy height model for each
site and dividing its area by the projected ground area. VerticalDistMax was computed by finding the vertical
distribution of all the points in a site and determining which height bin contained the most points. Vertical bins
of 0.5 m and a lower cutoff of 5 m were used to prevent the ground cover and understory from influencing the
result. Both of these metrics were calculated on a per site basis instead of a per pixel basis. Leaf area index (LAI)
was also calculated using the formulation provided in the forestr library (Atkins, Bohrer, et al., 2018; Atkins,
Fahey, et al., 2018) and compared to LAI field measurements for verification, which showed a high correlation
of R =0.78 (p < 0.05).

LUE was calculated as the ratio of total daily GPP to total daily incoming photosynthetic photon flux density
(PPFD), where PPFD is the incident flux density of photosynthetically active radiation (PAR), or the number of
photons incident per unit time on a unit surface (Olson et al., 2004). PPFD is considered a synonym for incident
PAR (IPAR; Olson et al., 2004). The exchange of carbon between the forest plots and the atmosphere was meas-
ured by the EC towers directly and partitioned into GPP and ecosystem respiration, R.., (Reichstein et al., 2012).
The site EC towers were only equipped to measure incoming and outgoing shortwave and longwave radiation as
well as net radiation, as opposed to direct measurement of PPFD. Incoming shortwave radiation was converted
to PPFD using a fraction of incoming solar irradiance in the photosynthetically active region of 0.50 (Knauer
et al., 2018).

WUE describes the amount of carbon fixed per unit of water transpired (De Kauwe et al., 2013), and was calcu-
lated here as grams of carbon produced as biomass for every kilogram of water released through evapotranspi-
ration (ET). ET is the sum of evaporation from the land surface and transpiration from vegetation, and is both
the key process determining water use in forests (Fisher et al., 2017; Mathias & Thomas, 2021), and the primary
process through which the carbon cycle is connected to and maintains the water cycle (Raupach et al., 2005).
Since ET was not directly measured by this EC system, it was calculated from measured latent heat flux. Carbon
values used in WUE calculations were drawn from EC tower measurements of GPP.

2.4.2. Model Determination

A suite of linear regression models was tested to evaluate the relationships between CSC metrics, RUE, and
stand productivity. Nonlinear models were not tested, as previous studies exploring multiple nonlinear model
representations have shown that although the relationships may in reality be nonlinear, nonlinear representations
repeatedly failed to achieve statistical significance (Gough et al., 2019). The combination of CSC and RUE
metrics that best predicted stand GPP was assessed using best subsets model selection. Model fit was evaluated
using the Schwarz Bayesian Criterion (SBC), mean square error prediction (MSEP), and adjusted R? (Rza dj),
where the model with the lowest significant SBC (p < 0.05), lowest MSEP, and highest R?, 4 Was selected as opti-
mal. SBC was used as opposed to Akaike information criterion to account for the presence of multiple predictive
variables and a relatively small sample size.

High multicollinearity was a significant problem in determining which CSC metrics were the most robust drivers
of GPP. Several CSC metrics had intercorrelation values that exceeded 0.98 and thus were not included in the
SEM. This included metrics related to the height at which a given quantile of returned energy was reached relative
to the ground, such as the mean of the 25th, 50th, 75th, and 95th quantile of point heights. Variance inflation
factors (VIF) were calculated for the best-fit models, and models were classified as having severe multicollinear-
ity if the average VIF was greater than 10. Pearson's correlation coefficients were used to determine the strength
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of pairwise interactions between variables for models where severe multicollinearity was a concern to determine
which CSC metric was likely driving the observed multicollinearity, and that variable was subsequently removed
and the resulting model was reevaluated. Pairwise correlations between variables selected for the final model
formulation at each resolution are shown in Figure S2 in Supporting Information S1.

An SEM was used to ascertain the mechanistic relationship between stand productivity and the influential CSC
metrics determined through best subsets selection, as well as whether or not the relationship was direct or was
mediated by RUE. Path analysis, a subset of SEMs where models are created as a series of regressions to spec-
ify causal relationships between variables (Fan et al., 2016), was used to determine possible mediation effects
of RUE through the comparison of reduced and saturated models. The reduced model allowed CSC metrics
to predict WUE and LUE, and WUE and LUE to then predict GPP. The saturated model allowed for the same
prediction pipeline, but CSC metrics could also bypass RUE and directly impact GPP (Figure 4). The existence
of mediation in a relationship was determined by comparison of standardized beta coefficients in the uncontrolled
path between predictor and response (the total effect) in bivariate models to beta coefficients representing the
controlled path between predictor and response variables (the indirect effect) in multivariate models. The rela-
tionship between these controlled and uncontrolled pathway beta coefficients determines not only whether or not
mediation exists, but also if it is partial or complete mediation. The strength of mediation is determined by the
magnitude of the indirect effect.

SEM was performed at each of the five resolutions for LIDAR metric calculation to assess whether or not the
mediation effect persisted with resolution changes. Reduced and saturated model fit were assessed using compar-
ative fit index (CFI), standardized root mean square residual (SRMR), and SBC. CFI values closer to one indicate
better model fit, so a threshold value of >0.80 was applied (Hu et al., 1992). SRMR represents the difference
between observed and expected variable correlations, and a threshold value of <0.90 was applied, with a lower
value indicating a better model fit. Maximum likelihood estimation was used to determine model fit, and param-
eter estimates were standardized across all observed variables. Bootstrapping was used to test the significance of
indirect effects (and thus the significance of mediation) between CSC variables and productivity through LUE
and WUE as well as for estimation of standard errors and bootstrap-based confidence intervals. One thousand
draws were performed for each indirect effect evaluated. Significance testing of mediation was performed using
the R programming language (R Core Team 2021; Version 4.0.4) package lavaan (Rosseel, 2012).

3. Results
3.1. Stand Productivity and RUE

Of the nine CHEESEHEADI19 sites examined here, eight were classified as net carbon sinks, where a nega-
tive flux value indicates a net flux of carbon into the ecosystem from the atmosphere. A single site (NE2) was
classified as a net carbon source, albeit a minor one, with a net flux of 35 gC m~2 released to the atmosphere
over the entire measurement period. In addition, at eight out of the nine sites greater variability in daily fluxes
was observed for GPP than NEE, with an average variance of 28 gC m~2 for GPP compared to 7.8 gC m~2 for
NEE. Across all sites average daily GPP ranged from 2.6 to 14 gC m~2, and average daily fluxes of NEE ranged
between —3.5 and 0.30 gC m~2. Substantial variability was observed in daily total ecosystem respiration (R,,,),
defined as the sum of both heterotrophic and autotrophic respiration, with an average variance of 20 gC m~2.
The highest productivity was observed at sites NE2, SW2, and SW4, with average GPP ranging from 10 to
14 gC m~2 day~'. Although NE2 has the highest productivity of the nine sites, it also has the highest average daily
R, (14 gC m~2 day~!), resulting in its ultimate classification as a slight net carbon source to the atmosphere,
as NEE = R, — GPP. The three sites with the lowest productivity are NW2, SES, and NE4. NW2 has a higher
number of clearcuts than all other sites, several stands described as wet conifer bogs, and includes stands ranging
in age from 7 to 111 years. SES includes a mix of aspen, pine, and upland hardwoods ranging in age from 19 to
92 years. NE4 is a considerably older site, with stand age ranging from 76 to 150 years, and consisting of mixed
upland hardwoods, pine, and northern white cedar. Over the course of the June-October observational period,
productivity peaked in June to mid-July and decreased into fall as leaves began to senesce, with an average change
in GPP across all nine sites of 19 gC m~2. Of the sites, NW?2 exhibited the least seasonal change in productivity,
with a total difference of only 5.9 gC m~2 between the start and end of the study period.
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Both LUE and WUE varied between sites, with the across-site average LUE equaling 0.70 gCMJ~! and WUE equal-
ing 4.1 gC kg H,0~!. Average LUE variance was 0.19 gC MJ~! and average WUE variance was 1.4 gC kg H,0~..
Site NE2 had the highest RUE overall, with a daily LUE of 0.96 gC MJ~! and an WUE of 5.7 gC kg H,0~!. NE2
also had the highest variability in RUE, although this variability follows a clear pattern indicating the changes in
RUE potentially emerge as a response to changes in temperature or other climatic variables. Site NW2 had the
lowest overall RUE, with a daily LUE of 0.33 gCMJ~! and an WUE of 2.9 gC kg H,0~!. Site NW2 had the lowest
variability in LUE (0.11 gC MJ~!), but the fourth highest variability in WUE (1.4 gC kg H,0™").

3.2. Classification of Structural Complexity

Of the 20 LiDAR metrics originally calculated, 12 unique metrics related to CSC were shown through best
subsets selection to be both influential and statistically significant drivers of stand productivity when combined
with RUE variables (p < 0.05), and thus were included in subsequent SEM testing (Table 3). LUE and WUE
were present in all of the best-fit models regardless of spatial resolution, but the specific CSC metrics included
in each of the five best-fit models varied depending upon resolution, although several overarching trends stood
out. CSC metrics describing vertical heterogeneity were the most prevalent and existed in each of the five final
model formulations. VCI_mean (van Ewijk et al., 2011) was the most frequently observed CSC metric, and was
included in four of the five models. maxZ_sd, a metric associated with outer canopy heterogeneity, was present
in three out of five models, and verticalDistMax, a metric associated with vertical heterogeneity, and LAI_sd
were present in two out of five models. The remaining nine CSC metrics each only appeared in a best-fit model
formulation a single time, and included rumple, meanZ_sd, sdZ_sd, LAI_sd, maxZ_mean, sdZ_mean, gap_frac-
tion, canopy_ratio_mean, and LAI_mean. Of these nine CSC metrics, four are related to vertical heterogeneity
(sdZ_sd, sdZ_mean, canopy_ratio_mean, and meanZ_sd), one to outer canopy heterogeneity (rumple), one is a
measure of mean outer canopy tree height (maxZ_mean), two describe the area and density of vegetation distri-
bution (LAI_sd and LAI_mean), and one describes the degree of canopy cover and openness (gap_fraction). Of
these nine CSC metrics, three are only present in the 25-m resolution model and two are only present in the 50-m
resolution model indicating that the larger resolution models have a greater departure from the other best-fit
models. Fit metric ranges for the single best-fit model at each resolution displayed no significant differences by
resolution. Average Rza 4 Was 0.32 with a range of 0.05, average BIC was 4,418 with a range of 51, and average
MSE was 16.40 gC m~2 day~! with a range of 1.20 gC m~2 day~'. This suggests that CSC metric's viability as a
driver of GPP is not restricted to fine or coarse resolutions.

All 12 of the site averaged CSC metrics varied depending upon the pixel size used in metric calculation. The
majority of CSC metrics decreased in value as resolution became coarser, however, 5 of the 12 metrics (M OCH,
Vertmeanstas VCI1avc, ©®, and Canopy Ratioayc) displayed the opposite trend (Figure 5). The observed shifts in
metric values with changing resolution indicated that the overall mechanistic relationships between CSC metrics
and productivity could be resolution dependent. The greatest differences with shifting resolution were observed
in VA Lnaxheighimean A0d VCI gy G. VA Lnaxheighimean decreased with decreasing spatial resolution, with values being
reduced to 25-30% of the 0.25-m resolution value by the time a 10-m resolution was reached, and all sites had
the same value (5 m) upon reaching the 25-m resolution. VC I 4y ¢ increased with decreasing spatial resolution,
with values increasing on average by 20% with each decrease in resolution, although the difference between 10
and 25 m was less pronounced, with an average difference of 5%, and metric values are relatively stable by 50-m
resolution.

Vertical heterogeneity metrics describing the layering of the canopy such as oy, Canopy Ratiosyc (Schneider
et al., 2017), and Vert peans:a generally had higher values at sites with distinct multilayered canopies such as NE2
and SES, and lower values at sites with a more consistent single layered canopy, such as site NE4. Variability in
Vert means:a values generally increased with decreasing resolution, with an increase in spread between sites of 45%
from 0.25-m to 50-m resolution, whereas site-to-site variability decreased by ~46% with decreasing resolution
for oy.

CSC metrics VC I 4y and vertical variability (Vertspsp) offer insight as to the degree of variability in the distri-
bution of vegetation within each vertical column. Vertspsp is similar to the metric “StdStd” described in Atkins,
Bohrer, et al. (2018); Atkins, Fahey, et al. (2018), but it represents the standard deviation column variability of
tree height, as opposed to mean leaf height. The highest VC 14y values were observed at site NE2 (9% higher
than the average of the other eight sites, at a resolution of 0.25 m), and the lowest values were typically seen
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at sites SE3 and NW2, depending upon spatial resolution. Variability between sites increased with decreasing
resolution, largely in part to a widening spread between SE3 and NW2 and the remaining seven sites. The highest
Vertspsp values, indicating a less uniform vertical distribution of vegetation, were measured at sites with multi-
layered canopies and multiple distinct age classes present, such as SW4 and NW2, which include stands ranging
in age from 7 to 110 years.

The final CSC metric addressing vertical heterogeneity is VerticalDistMax. VerticalDistMax is equivalent to the
variable “mean height of vegetation area index maximum” (VA Lyaxheighimean) described in the forestr package
(previously referred to as VA4 in Atkins, Bohrer, et al. (2018); Atkins, Fahey, et al. (2018)). For resolutions
0.25 and 2 m, the highest VA Lnaxheighimean Values are seen at sites NE3 and NE4, and the lowest values are seen
at sites NW2 and SE3. For 10-m resolution only two values of VA Laxheighimean €Xist, 5 and 15 m, with three sites
(NE2, NE3, and SW4) having values of 15 m and the remaining sites having values of 5 m. By 25 m model reso-
lution, all sites have the same VA Iuaxheighimean Value of 5 m, indicating that the metric calculation resolution has a
significant impact on VA Lyaxheighimean-

Influential CSC metrics representing outer canopy complexity include rumple and top rugosity (Rr). Rumple is
defined as the ratio of the outer canopy surface area to the underlying ground surface area (Parker et al., 2004),
where a higher value corresponds to a more complex canopy (Kane et al., 2010). Average rumple values were
significantly impacted by metric calculation resolution, and substantially decreased at resolutions coarser than
0.25 m, indicating that at coarser resolutions the outer canopy surface appears artificially smoothed. Variability
between sites also decreased with decreasing resolution, and at resolutions coarser than 2 m, differences in rumple
values between sites were negligible. For context, in a Douglas-fir and western hemlock dominated 500+-year-
old growth forest in Southern Washington (USA) with an extremely high level of outer canopy complexity,
rumple values of 12 m were reported (Parker et al., 2004). Ry refers to the standard deviation of LiDAR column
maximum return heights (Atkins, Bohrer, et al., 2018; Atkins, Fahey, et al., 2018). The highest values of Ry were
observed at NE3 and NE4, with an average range of 3.3-8.2 m across all five resolutions.

Mean outer canopy tree height (MOC H) serves as a simple measure of vertical stand structure, by describing
the maximum tree height averaged across all present species in a given stand. MOC H values increase with
decreasing resolution, presumably because taller trees dominate and skew the average when a larger field of view
is utilized. LAI is the ratio of the (one-sided) total leaf area per unit of ground area, and describes the amount of
leaf tissue exposed to ambient light in the forest canopy. The highest values of LAI,yc were observed at sites
NE3 and NE4, both among the oldest sites, and the lowest values were seen at sites SE3 and SES5, both fairly
young aspen sites, with an overall range of 1.0-3.7 m across all five resolutions. LAIsp describes the standard
deviation, or the variability in LAI, and offers insight into how photosynthetic tissues are distributed in the forest
canopy. The highest values were observed at site SW4, and the lowest values were seen at sites NE2 and NE3,
with a total range of 0.34-1.4. LAIsp values generally decrease with decreasing resolution, with a reduction in
variability between sites (decrease in variability of 36% from 0.25-m to 25-m resolution). Values of ® showed
the greatest variability between sites at a resolution of 0.25 m, and at resolutions of 10 m and greater differences
between sites became indistinguishable.

3.3. Structural Equation Modeling

Comparison of SEM models showed that the reduced model, where CSC metrics were restricted to influencing
GPP through RUE as opposed to exerting direct influence over GPP, had a better overall fit than the fully satu-
rated model. In other words, LUE and WUE actively mediate the mechanistic relationship between CSC variables
and GPP, and changes in CSC result in changes in RUE and ultimately in GPP.

Across all five models, 38 mediation relationships were tested in total; 19 WUE mediated relationships and 19
LUE mediated relationships. The strength of mediation is determined by the magnitude of the indirect effect,
where the indirect effect is calculated as the product of standardized beta coefficients representing the path
between the predictor and mediation variables and the path between mediation variables and the response vari-
able. Fourteen of the 19 WUE mediated relationships were significant (Figure 6), with all cases being partial
mediation, complete mediation was not observed for either WUE or LUE. WUE as a mediator between GPP
and the metrics VA Lyaxheighimean (Present in 0.25-m and 10-m resolution models), LAIsp (present in the 25-m
resolution model), ®, and Canopy Ratio sy (both only present in the 50-m resolution model) were never shown
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to be significant. Mediation strength, characterized by the magnitude of the indirect effect of a given CSC metric
on GPP through WUE as a mediator was 0.10 on average, with a range of 0.14. Eight of the 19 LUE mediated
relationships were significant (Figure 6), and metrics directly tied to light interception such as those related to
LAI(LAIspand LAI,y ) were always significantly mediated by LUE. LUE significantly mediated relationships
between GPP and VC1 4y 6, MOC H, Ry, and Vert yeansia @s well, but the significance of mediation was not always
consistent when a given CSC metric was present in different resolution models. LUE never significantly mediated
relationships between GPP and VA Iaxheighimeans TUMple, o, Vertspsp, ®, or Canopy Ratioay g, regardless of
spatial resolution. Mediation strength of LUE on the relationship between a given CSC metric and GPP was 0.03
on average, with a range of 0.08. WUE was shown to be a substantially stronger mediator between CSC and GPP
than LUE, with a standardized mediation strength 290% larger than that of LUE when averaged across all nine
plots. Averaged across all sites, the correlation between daily WUE and daily LUE was 0.40.

Mediation analysis by resolution showed differing trends between WUE and LUE as mediators. The significance
of WUE as a mediator did not appear to be resolution dependent, whereas the significance of LUE as a mediator
did appear to be dependent upon the spatial resolution of the model in question. For example, LUE was a signifi-
cant mediator of Ry in the 25-m resolution model, but not in the 10-m resolution model. The presence of LUE as a
significant mediator was more prevalent at coarser spatial resolutions (10 and 25 m) than at finer resolutions (0.25
and 2 m), but LUE only significantly mediated one of the five predictive variables included in the 50-m resolution
best-fit model (VC 1,y ¢). Cases where the structure-function relationship was mediated by both WUE and LUE
were observed more frequently at courser resolutions than at finer resolutions, with the exception of the 50-m
resolution model. In summary, for CSC metrics that experienced mediation (all but VA L.sxneighimean) the pres-
ence of a mediating factor in the overarching relationship between forest structure and function was consistent
regardless of CSC metric calculation resolution, but which individual relationships were significantly mediated
changed with resolution shifts when LUE was the mediating variable in question. Mediation effects were the least
pronounced at a metric calculation resolution of 50 m, but this is potentially influenced by the higher prevalence
of edge effects at such a coarse resolution, and the associated influence on metric uncertainty. Due to the variety
of measurement units involved, beta coefficients were standardized to facilitate comparison and outliers were
removed. Standardized beta coefficients show that at a resolution of 0.25 m, VC 1,y and rumple were the strong-
est drivers of GPP (f = 0.33, f = 0.11), at 2 m VC I 4y Was the strongest driver of GPP (f = 0.35) followed by
o (f=0.16), at 10 m2 VCI 4y and H sy were the strongest drivers of GPP (8 = 0.33, #=0.16), at 25-m spatial
resolution Ry and Vert neansa Were the strongest drivers (f = 0.22, f = 0.18), and at 50 m VC 14y and © were the
strongest drivers (f = 0.30, f = —0.11). Additionally, all CSC metrics were stronger drivers of WUE than of LUE.

4. Discussion

Our findings support the emerging consensus that a positive mechanistic relationship exists between CSC and
productivity in mixed temperate forests (Gough et al., 2016, 2019), but suggest that this is a multifaceted rela-
tionship impacted by additional factors such as species diversity and management history. As well, we found that
this relationship is not direct but rather is mediated by the effective acquisition and assimilation of both light and
water resources, and that RUE generally is enhanced by increasing CSC. Furthermore, we show that in a heterog-
enous mixed temperate forest subject to disturbance, metrics describing the vertical profile of heterogeneity are
the strongest drivers of productivity, as opposed to CSC metrics that are constrained to the outer canopy. Through
analysis of the structure-function relationship at five structural metric calculation resolutions ranging from 0.25
to 50 m, we demonstrate that the scale of metric calculation has a significant impact on the metric values them-
selves, and thus on which CSC metrics are ultimately included in predictive models of productivity. We showed
that shifting the spatial resolution also changes the dynamics of the relationship between RUE and CSC. Lastly,
it was established that even in a study domain where sites have shared climatic and environmental conditions,
differences in management and disturbance history as well as species diversity result in substantial variability
in land-atmosphere exchanges of CO,. This is likely due to changes in forest composition and trait diversity in
response to disturbance.

4.1. Structural Complexity

VC1I4v was the most frequently observed CSC metric in the models, and consistently proved to be the most
robust driver of both RUE and GPP in models where it was present, irrespective of spatial resolution. However,
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CSC metrics related to outer canopy heterogeneity such as Ry and rumple were also imperative. Four out of the
five best-fit models included CSC metrics related to both vertical and outer canopy heterogeneity, although verti-
cal metrics were more prevalent in all cases. VC 1,y describes how the vertical distributions of LiDAR returns
differ from a uniform distribution, which is representative of the overall evenness of the vertical distribution of
vegetation (Kane et al., 2010a, 2010b; van Ewijk et al., 2011). In an example presented by van Ewijk et al. (2011),
alow VC 1,y ¢ could correspond to the stand initiation stage, where the majority of point returns are congregated
in the lowest vertical bins, whereas a mid to high VC 1,y ¢ could correspond to a stand in the midst of understory
reinitiation or even a transition into old growth, where vegetation is distributed between multiple height bins.
The VC1 4y values observed within the study domain are consistent with the relative dominance of stands in the
young to midage classes.

The CSC metric VA Lnaxheighimean CONVEYs important information about biomass allocation patterns. Models that
did not contain VA I naxheighimean did contain CSC metrics related to LAI, suggesting that incorporating a variable
that accounts for the complexity in arrangement of vegetative tissues is essential when describing a stand's ability
to absorb incoming light. VAl is similar to the more commonly used LAI, but vegetative tissues include branches
and stems in addition to photosynthesizing leaves (Scheuermann et al., 2018). However, it is worth noting that
several studies have shown that the influence of LAI on production saturates in importance over time, but the
same trend has not been observed in VAI (Hardiman et al., 2011), potentially making it a more reliable metric
overall when describing the area-related distribution of vegetative tissues. oy is the standard deviation of the mean
height of lidar returns for raster pixels, and builds on the canopy layering information provided by VA Iaxneighimean
by representing the variability associated with the height of greatest leaf density. High values (corresponding to
a multilayered canopy) were observed at sites with a variety of age classes present, where harvest practices have
resulted in patches with unique canopy features, such as site NE2 (Figure 3).

Vertmeans:a 1S a reliable indicator of the spread between distinct canopy layers, high values were observed at sites
such as NE2, which includes a dense canopy between 5 and 10 m tall with an additional canopy around 25 m tall,
and a fairly sparse degree of vegetation between the two canopies (Figure 3). Pairing this metric with Vertspsp
illustrates the variability in vertical forest profiles, and offers insight into the arrangement of the understory.
For example, high values of Vertspsp were observed at sites with dense nonuniform understories, such as site
SW4. In addition to conveying information about forest successional stage when combined with species infor-
mation, MOC H is important to consider when interpreting the significance of observed rumple values (Kane
et al., 2010b), as rumple generally increases with increasing tree height. At first glance sites NE4 and NW2 could
be classified as having similar levels of complexity, with rumple values of 3.4 and 3.5 m, respectively, at 0.25-m
resolution. However, the large differences in MOC H between the sites (19 m versus 8.8 m) draws attention to
the fact that the variance in complexity between the two sites is more pronounced, as a similar rumple value for
a stand with less than half the MOC H of NE4 indicates that NW2 has a higher degree of CSC than is present
at NE4.

The prevalence of vertical heterogeneity metrics focused on canopy layering and vegetation distribution in the
models explored here further supports recent findings indicating that vertical complexity is a strong driver of
productivity in mixed temperate systems (Fahey et al., 2019), that it plays an important role in determining
seasonal dynamics in forest productivity (Smith et al., 2019; Tang & Dubayah, 2017) and emphasizes the role
of vertical variation in driving biomass growth (Stark et al., 2012). All 12 influential CSC metrics explored
here were sensitive to changes in metric calculation resolution, highlighting the need for consistency in the
spatial resolution at which CSC metrics are calculated, and for the disclosure of metric calculation resolutions
when reporting CSC metric values and interpreting the significance of findings. For most CSC metrics, values
decreased as resolution became coarser (with M OC H , Vert meansia, and V C 1 4y as exceptions), as did variability
between sites. Moreover, differences between sites became indistinguishable for rumple, VA Iaxheighimean, and ©
at resolutions coarser than 10 m. This suggests that for research questions centered around discerning differences
in CSC between sites and the potential impacts of those differences on ecosystem function, a finer resolution
should be used for CSC metric calculation. However, which sites are classified as most or least structurally
complex overall is relatively consistent regardless of metric calculation resolution. Sites SES and NE2 consist-
ently rank as the sites with the highest complexity, and sites SE3 and NW2 dependably rank as the sites with the
lowest complexity. For some sites, such as NE3 and NE4, the comparative complexity ranking differs depending
on which metric is being examined, e.g., both sites have very high complexity rankings in metrics LAIyg,
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I:] Aspen-white spruce/balsam fir

- Balsam fir-aspen/paper birch
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- Eastern white pine
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D Red pine

D Sugar maple

- Sugar maple-basswood
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Figure 2. Vegetation coverage at each of the nine forested sites: (a) NE2, (b) NE3, (c) NE4, (d) NW2, (e) SE3, (f) SES, (g) SE6, (h) SW2, and (i) SW4. Coverage is
segmented by both vegetation type and stand age.

VA Lnaxheighimean, and M OC H regardless of resolution, but consistently rank low in metrics Ry, LAIsp, rumple,
and Vertspsp.

Ultimately CSC cannot be encapsulated by a single metric, and a select set of metrics will provide a more compre-
hensive representation. For instance, pairing a variable like o that offers insight as to whether a canopy is single
or multilayered with a variable like LA,y that describes the density and arrangement of photosynthetic tissues
will reveal more about a stand's potential productivity than either variable in isolation could. However, which
metrics should be included in predictive models of productivity is not a one size fits all situation, as shown here
it is contingent upon spatial resolution.

4.2. The Structure-Function Relationship

Here, we showed that a positive mechanistic relationship exists between CSC and forest productivity in mixed
temperate forests, and that CSC metrics which describe the vertical profile of heterogeneity are better predictors
of GPP than metrics that are limited to the outer canopy alone. This is potentially due to vertical complexity
metrics providing greater information content in terms of describing a forest's successional stage and ability to
capture light as it moves beyond the outer surface of the canopy and penetrates into the forest below (Zimble
et al., 2003). As early successional species overtake forest gaps created by disturbance to establish multican-
opied stands, the more biodiverse forest with greater structural complexity and range of shade tolerances will
make the forest more resource efficient under variable light conditions, increasing net carbon uptake (Hardiman
et al., 2011; Hardiman, Bohrer, et al., 2013; Hardiman, Gough, et al., 2013; Hooper et al., 2005). For example,
NE2, which has the highest GPP, WUE, and LUE, also exhibits high levels of CSC across the majority of the
metrics evaluated. NE2 is predominantly pine, with aspen and paper birch intermixed (Figure 2). Due to a history
of timber harvest and replanting (Table 2) there is a significant secondary pine canopy (Figure 3) with an average
age of 22 years. This multilayered canopy is captured in the second highest values of VC 1,y observed across
all nine sites (at a spatial resolution of 0.25 m VC I,y = 0.35, 10% higher than the following seven sites), while
MOC H and rumple were also comparatively high, at 10% higher than average and 4.4% higher than average,
respectively.
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Figure 3. Light Detection and Ranging (LiDAR) point return 150 m transect
images for the nine forested sites: (a) NE2, (b) NE3, (c) NE4, (d) NW2, (e)
SE3, (f) SES, (g) SE6, (h) SW2, and (i) SW4. Color saturation represents

the relative number of returns at a height interval. The x-axis represents
longitudinal coordinates in meters, expressed at 50-m intervals, and the y-axis
is height above ground in meters.

Mediation of the structure-function relationship by RUE existed at all five
CSC metric calculation resolutions, but was the least pronounced at a reso-
lution of 50 m, where mediation was present in fewer than half of the medi-
ation pathways that were tested (Figure 6). At a resolution of 50 m, CSC
metrics are calculated within a 2,500 m? pixel. With such a large pixel size,
edge effects are more pronounced, and can affect metric values, which can
ultimately impact the mechanistic relationships that are derived using those
values. Pixels located at the edge of a site contain a portion of the available
LiDAR data, but a portion of the total pixel area lies outside of the availa-
ble LiDAR data range, meaning that data collected in these edge pixels is
essentially weighted higher than data collected across the rest of the site,
because the pixels contain less LiDAR data but still cover the same total
area. These edge effects manifest as uncertainty in CSC metric values. While
negligible at fine resolutions such as 2 or 10 m, at larger scales the added
uncertainty is amplified.

SEM highlighted WUE as a considerably stronger driver of GPP than LUE,
but it is important to pause here and consider that the temperate mixed forests
of Northern Wisconsin are not water limited ecosystems, and previous stud-
ies have shown that stand-scale productivity is predominantly a function of
the capacity to harvest light and fix carbon (Reich, 2012), so why does WUE
show up as highly influential when predicting GPP? The answer lies primar-
ily in the relationship between WUE and LUE. The tiny stomata covering the
leaf surface exist in a constant tradeoff between opening and sacrificing water
for the chance to take up CO,, both of which are necessary ingredients for
photosynthesis (Monteith, 1965). Regardless of available light, when plants
are water stressed, stomata close in an attempt to conserve existing resources,
at the cost of reducing CO, uptake and thus photosynthetic capacity (Hatfield
& Dold, 2019; Kukal & Irmak, 2020). However, when a plant has a steady
supply of water, stomata will more readily open and a greater amount of
atmospheric CO, can be fixed per unit of incident light (Binkley et al., 2004).
A recent study by Ehbrecht et al. (2021) examining climatic controls on
CSC at the global scale found that CSC was strongly correlated with water
availability across all biomes examined, and that the relationship between
water availability and use and CSC can be tied to mechanisms determining
tree size. This is because water availability effectively controls functional
diversity and shade tolerance as well as tree size following the hydrological
limitation hypothesis (Ehbrecht et al., 2021). Shade tolerant trees are found
in greater abundance in systems where growth is not limited by factors other
than light, such as the nonwater limited systems present in Northern Wiscon-
sin. All three of these factors (functional diversity, shade tolerance, tree size)
contribute to CSC (Thom et al., 2021). In addition, a recent study by Smith
et al. (2019) showed that vertical heterogeneity in particular plays an impor-
tant role in modulating seasonal responses to water availability. Although the
Smith et al. (2019) study took place in a tropical forest, comparable relation-
ships may also exist in temperate forests such as our site, which experiences a
warm, humid growing season and is not typically water limited.

However, the importance of the relationship between CSC and LUE cannot
be understated, as it shows that the functional diversity driven by complex-
ity is able to better capitalize on available resources (Penone et al., 2019;
Williams et al., 2016). As well, although this study was limited in duration,
other studies such as the Zhang et al. (2012) global meta-analysis of diversity
productivity relationships showed that almost 30% of the variation in produc-
tivity between monocultures and polycultures was explained by heterogeneity

MURPHY ET AL.

15 of 23



~1
AGU

ADVANCING EARTH
AND SPACE SCIENCE

Journal of Geophysical Research: Biogeosciences 10.1029/2021JG006748

Reduced Model

Saturated Model

v/

W W
\/

Figure 4. Conceptual figure outlining the (a) reduced and (b) saturated structural equation modeling (SEM) model designs.
The reduced model (a) restricts canopy structural complexity (CSC) metrics to influencing the dependent variable, gross
primary productivity (GPP), indirectly through their effect on light use efficiency (LUE) and water use efficiency (WUE),
whereas the saturated model (b) allows CSC metrics to affect GPP both directly and indirectly through LUE and WUE.
Arrows indicate the direction of influence from one variable to the next.

of shade tolerance, and that high shade tolerance variation within a community is likely one of the most important
life-history traits, leading to more efficient resource use when scaled to the ecosystem level (Stark et al., 2012).

For most CSC metrics examined here, increasing CSC is associated with increasing RUE, although the magni-
tude of the trend is dependent upon resolution. The exception is LA Isp, which has a negative relationship with
both WUE and LUE at all resolutions. The strongest positive relationship exists between VC1I4y¢ and WUE,
and the weakest relationship exists between Ry and LUE. Mediation analysis showed that neither WUE or LUE
significantly mediated the relationship between VA Ixneighimean and GPP (Figure 6), suggesting that either the
relationship is direct, or additional unaccounted for factors play the role of mediator. The most complex sites (SES
and NE2) have differing relationships to productivity. Site NE2 has the highest GPP of all nine sites, but also has
the highest R, , resulting in its classification as a small net source of CO, to the atmosphere. Site SES has the

second lowest seasonal GPP as well as the second lowest R, . The two least complex sites, SE3 and NW2, have
among the lowest total seasonal GPP and R, . SW2 and SW4 have the second and third highest seasonal GPP,
yet consistently display only moderately levels of CSC at all five spatial resolutions. However, both of these sites
contain stands in a wide range of age classes (Table 2), indicating heterogeneity in successional stages, and both

sites are noted as containing very wet areas, with older (>100 years) mixed conifer swamp stands.

4.3. Disturbance Impacts

With the exception of NE2, sites with a record of greater disturbance severity and intensity, presented as clearcut-
ting or shelterwood harvest, exhibit lower levels of complexity across the majority of CSC metrics, and across all
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Table 3
Canopy Structural Complexity Metrics Included in SEM, Isolated as Highly Influential Through Best Subsets Selection for
Their Strength as Drivers of GPP
Resolution (m) Metric Symbol Units Complexity category
0.25 rumple rumple ratio Canopy heterogeneity
verticalDistMax VA Lnaxheighimean m Vertical heterogeneity
VCI_mean VClave — Vertical heterogeneity
2 VCI_mean VClavg — Vertical heterogeneity
LAI_mean LAl — Area and density
meanZ,_sd oy m Height
10 verticalDistMax VA sdietisfasimaa m Vertical heterogeneity
maxZ_sd Ry m Canopy heterogeneity
maxZ,_mean MOCH m Height
VCI_mean VClayg — Vertical heterogeneity
25 maxZ_sd Ry m Canopy heterogeneity
sdZ_sd Vertspsp m Vertical heterogeneity
sdZ_mean Vertmeansia m Vertical heterogeneity
LAI sd LAIsp — Area and density
50 maxZ_sd Ry m Canopy heterogeneity
gap_fraction (S} ratio Cover and openness
VCI_mean VClue — Vertical heterogeneity
canopy_ratio_mean Canopy Ratioyg ratio Vertical heterogeneity
LAI sd LAIgp — Area and density
metrics addressing vertical complexity. One reason for this could be that the harvests at NE2 were all selective
harvests, and resulted in distinct structurally heterogeneous “patches” within the site at different successional
stages and with a high degree of canopy cover. In contrast to the primarily broadleaf understory present at multi-
ple other sites, several patches within NE2 feature a prominent conifer understory. As mixed conifers tend to show
higher levels of vertical complexity than many purely broadleaf stands do (Ehbrecht et al., 2017; Pommerening &
Murphy, 2004; Zenner, 2016), the presence of a developing conifer understory could be contributing to a higher
overall VC1I4y¢. This is supported by the presence of a substantial conifer understory at one other site, SW4,
which exhibits the highest degree of VC 14y ¢ amongst the nine sites (0.35). Again, with the exception of NE2,
sites with a record of more substantial disturbance had lower levels of productivity, and lower levels of RUE. For
example, site NW2, which had the highest frequency of both clearcuts and harvest events, had the lowest GPP
of all nine sites and also had the lowest average daily LUE (0.33 gC MJ~') and WUE (2.9 gC kg H,0~!) values.
More moderate disturbances such as thinning and selective harvest could be contributing to increased CSC within
the study area, through assisting in the transition to uneven aged stands (Gough et al., 2021). This is observed
at site SE6, which consists of a 19-year-old mixed aspen, white spruce, and balsam fir stand, a 22-year-old jack
pine stand, a 75-year-old aspen stand, and a 92-year-old mixed upland hardwood stand (Figure 2). SE6 underwent
species-specific commercial thinning to reduce stand density, which has been shown to impact stand growth and
structure (Wisconsin Department of Natural Resources, 2020). SE6 also experienced salvage cutting to remove
dead or damaged trees following a severe hail storm in 2000. Sites SE5 and NE2 consistently ranked as the most
complex sites regardless of spatial resolution, and both sites have experienced moderate management distur-
bances such as thinning as well as manual planting.
4.4. Implications and Shortcomings
A 2018 review by Fahey et al. (2018) showed that although the prevalence of complexity terminology with
respect to silviculture has increased over time, the actual incorporation of complexity metrics when designing
MURPHY ET AL. 17 of 23
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Figure 5. Canopy structural complexity (CSC) metric values by site at each of the five metric calculation resolutions
explored, 0.25, 2, 10, 25, and 50 m.

long-term silviculture projects has “plateaued in the past decade or more.” This could indicate that although
awareness about the importance of forest complexity has increased, a lack of understanding regarding the long-
term impacts of managing to enhance complexity persists. Through the exploration of mechanistic relationships
between forest CSC and function, this study highlighted which complexity metrics provide important infor-
mation about RUE and productivity. These metrics can then be integrated as flexible structural parameters in
mechanistic ecosystem models that simulate light and water-sensitive processes. Through this, we can improve
the ability of models to mimic true ecosystem responses to management, from a biogeochemical perspective.
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Figure 6. Reduced structural equation modeling (SEM) diagrams at canopy
structural complexity (CSC) metric calculation resolutions of 0.25 m (a),
2 m (b), 10 m (c), 25 m (d), and 50 m (e). CSC predictor variables are on
the far left, mediating variables (light use efficiency (LUE) and water use

efficiency (WUE)) are in the center, and the response variable, gross primary

productivity (GPP) is on the far right. Standardized regression coefficients
are shown in gray circles. Blue lines indicate a statistically significant

(p < 0.01) mediation effect between mediating and predictive variables, while
orange lines indicate that mediation either does not exist or is not statistically

significant.

This improved representation will allow us to explore the future response of
forests to a variety of management regimes and representative concentration
pathways, enhancing our ability to assess mitigation and adaptation strategies
beyond direct observational studies, which often take many years to produce
outcomes. This would facilitate more accurate predictions of the future of a
suite of ecosystem goods and services including carbon storage potential,
which could significantly impact the development of natural climate solu-
tions in the regional Midwest.

The persistent superior performance of the reduced SEM, where the relation-
ship between CSC and GPP is moderated by RUE, suggests that although
specific CSC metric values change slightly with metric calculation reso-
Iution shifts, the existence of a mediation effect itself is not scale depend-
ent. This indicates that the mechanistic relationships outlined here can be
scaled up from the stand to the ecosystem level to provide novel insights into
forest function and carbon storage potential. While this expands the utility
of observational studies, it also provides new opportunities to validate and
apply information obtained from satellites, such as the GEDI high resolu-
tion ecosystem LiDAR, which is capable of measuring global forest canopy
height and vertical structure (Dubayah et al., 2020).

Although the EC method is the most well-established method for taking
continuous measurements of energy and trace gas exchange (Desai
et al., 2008), it is not without drawbacks. All measurements have associated
uncertainty, and in the context of EC measurements these uncertainties can
be segregated into several categories, including uncertainty due to instru-
ment or calibration error, technological limitations of the instruments them-
selves, inadequate sample size, and environmental conditions that violate the
assumptions at the core of EC theory (Richardson et al., 2012). Some of
these errors are stochastic and appear as random noise in the data, while
other errors are systematic and result in a bias that is relatively constant
over time. Numerous other studies have explored these uncertainties at
length (Hollinger & Richardson, 2005; Loescher et al., 2006; Massman &
Lee, 2002; Richardson et al., 2006), but it is worth noting general trends
in overall EC uncertainty here. Random error in 30-min fluxes ranges from
10% to 20% (Loescher et al., 2006), with annual estimates around 10% (Rich-
ardson et al., 2006), as error generally decreases with longer time series and
averaging (Loescher et al., 2006). Flux uncertainty follows a strong seasonal
pattern (uncertainty is generally higher during the growing season), and is
sensitive to land cover type and wind speed (Hollinger & Richardson, 2005;
Richardson et al., 2006). Error is also associated with the partitioning of NEE
into GPP and R, and varies by partitioning method, but a survey of 23 meth-
ods conducted by Desai et al. (2008) showed that on average the difference in
GPP was <10%, with additional uncertainty depending on the abundance of
gaps in the data. In this study, there was an average of 37% gaps in measured
NEE values across the nine sites.

This study primarily examined the influence of biotic forest factors, but
the inclusion of prominent abiotic factors such as nutrient regimes could
further enhance the study. Combining chemical analysis of leaves with the
remote sensing of CSC and EC measurements of land-atmosphere carbon
exchange would account for the influence of factors such as nitrogen avail-
ability in determining controls on RUE and productivity (Reich, 2012).
Another limitation of this study is the relatively short window in which data
were collected. Although this observational window supported the primary
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Table 4

EC Flux Towers Included in This Study, With Unique DOI's

CHEESEHEAD
tower name

Ameriflux
tower name

Data set DOI

NWw2
NE2
NE3
NE4
SwW2
Sw4
SE3
SE5
SE6

US-PFc
US-PFh
US-PFi
US-PFj
US-PFI
US-PFn
US-PFq
US-PFs
US-PFt

https://doi.org/10.17190/AMF/1717851
https://doi.org/10.17190/AMF/1717855
https://doi.org/10.17190/AMF/1717856
https://doi.org/10.17190/AMF/1717857
https://doi.org/10.17190/AMF/1717859
https://doi.org/10.17190/AMF/1717861
https://doi.org/10.17190/AMF/1717863
https://doi.org/10.17190/AMF/1717865
https://doi.org/10.17190/AMF/1717866

goals of CHEESEHEADI19 related to addressing issues of energy balance
closure, from a carbon cycle perspective it failed to capture winter effects
on net carbon budgets. Incorporating multiyear data sets would address this
problem as well as allow for a more thorough examination of the influence
of stand age on RUE and productivity, whereas here analysis was incon-
clusive. Moreover, as neither disturbance and management or stand age
were expressly controlled for, the impacts of management and disturbance
on the structure-function relationship explored here are largely qualitative.
Although the high density of EC towers in a small study domain controlled
for several factors such as differences in soil type, forest type, and meso-
climate, differences in microclimate still existed between sites. This is
presented as variability in temperature, latent and sensible heat flux, and
wind properties including turbulence. Although heterogeneity in land cover
existed, there was very little difference in topography to drive variability in
air circulation or relative humidity, so the observed differences in microcli-

mate were likely due to diversity in vegetation type and density, as well as
proximity to and abundance of water. Lastly, the somewhat small site sample
size involved in this study suggests caution should be exercised when evalu-
ating SEM fit statistics.

5. Conclusions

Quantifying mechanistic relationships between forest CSC and productivity is essential to advancing our ability
to scale measurements from the leaf to stand to landscape level. This will greatly enhance our capacity to directly
assess landscape-level ecosystem functions and implications for natural climate solutions. We approached this chal-
lenge using a combination of UAS LiDAR-derived CSC metrics from nine forested sites within a 10 X 10 km study
domain, land-atmosphere exchange data from nine EC towers located within those forested sites, and SEM. Through
employing a high density of EC towers across a relatively small spatial domain, we were able to separate variability
in climate, soil fertility, and forest functional types from structural controls on productivity, allowing for a more
representative physiological understanding than has been previously demonstrated. We conclude that (a) structural
metrics describing the vertical complexity of a forest (specifically V' C I,y ) are the strongest drivers when predict-
ing productivity in temperate mixed forests with a significant degree of heterogeneity and a long history of manage-
ment; (b) variability in the type and intensity of management and disturbance legacies contribute to substantial
differences in CSC metric values as well as productivity; (c) the relationship between forest structure and function
is not direct, but is actively mediated by light and water RUE, with WUE being a stronger driver of GPP; and (d)
CSC metric values change with shifts in the resolution of metric calculation, resulting in changes to the mechanistic
relationship between forest structure and function. This emphasizes the need for consistency in the spatial resolution
at which CSC metrics are calculated, and for the disclosure of resolutions of metric calculation when reporting
CSC metric values and interpreting the significance of findings. These findings will allow us to improve mecha-
nistic representation in ecosystem models of how CSC impacts light and water-sensitive processes, and ultimately
GPP. This will strengthen the ability of models to mimic true ecosystem responses to management and disturbance,
allowing for a more accurate assessment of the response of forests to various management regimes and representa-
tive concentration pathways, enhancing our ability to assess climate mitigation and adaptation strategies.
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