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Abstract

Annual vegetation aboveground net primary productivity (ANPP) exhibits a nonlinear
dependence on annual precipitation. A common pattern of nonlinearity, called asymmetry,
arises when productivity responses in wet years are larger than declines in dry years. To-date,
ANPP asymmetry has been attributed primarily to vegetation water stress, an internal
ecosystem response to precipitation and soil water availability. However, when quantified via
the asymmetry index (Al) estimated from productivity measurements, the asymmetry can be a
sampling artifact that arises from a positively skewed annual precipitation distribution. In this
paper, we aimed to separate the sampling effect (from external precipitation variability) from
the nonlinear response of the system (the internal ecosystem dynamics). We constructed a
probabilistic model that integrates the precipitation distribution with the precipitation-
productivity response curve (PPT-ANPP curve), derived using empirical formulae and a
process-based soil water balance model. The model was used to derive the probability density
function of Al and to attribute its shape to the PPT distribution and the PPT-ANPP response
curve. The models were compared to data from 47 grasslands. Results demonstrated that
positively skewed precipitation produces a positive Al as a statistical artifact. The nonlinear
ecosystem PPT-ANPP dependance can further enhance or dampen this statistical artifact. In all

sites, the precipitation skew highly affected the probability of correctly identifying asymmetry
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using Al. Observed negative asymmetry arises from a larger soil water holding capacity, and
positive asymmetry from plant water stress. More robust statistical indicators of nonlinear
ecological responses to climate variability are needed to improve ecosystem forecasts.

Keywords: asymmetry index, climate extremes, drought, precipitation, productivity, soil
water balance, stochastic modeling, ecological statistics

1. Introduction

The response of terrestrial ecosystem productivity to precipitation is critical to the global
carbon cycle and atmospheric CO2 dynamics (Ahlstrém et al., 2015; Humphrey et al., 2018;
Poulter et al., 2014). Precipitation has changed in the twentieth century in complex ways,
including changes in annual precipitation amounts with increases in both wet and dry
precipitation extremes at daily to interannual scales (Easterling, 2000; Fischer & Knutti, 2015;
Kunkel et al., 2013; Lenderink & Van Meijgaard, 2008; Molnar et al., 2015; Moustakis et al.,
2020, 2021; Pendergrass & Knutti, 2018; Peterson et al., 2013). At the same time,
photosynthesis and above-ground net primary productivity at the annual scale (ANPP) have
been shown to respond to both total annual precipitation and the timing and intensity of
individual rain events throughout the year (Heisler-White et al., 2009; Knapp et al., 2002, 2008;
Knapp & Smith, 2001). Therefore, future precipitation regimes anticipated with further climate

change are hypothesized to impact primary production and the strength of the land carbon sink.

Grasslands in particular, that grossly support global food production (O’Mara, 2012), and play
a dominant role in the interannual variability of the land carbon sink (Ahlstrom et al., 2015;
Piao et al., 2020), are vulnerable to increased periods of drought (e.g. (Konings et al., 2017)).
Considering that grasslands to a large extent are located in regions where dry conditions are
expected to increase (Greve & Seneviratne, 2015; Koutroulis, 2019), it is crucial to understand
their responses to water availability, and precipitation in particular. Grassland ANPP response
to annual precipitation, derived from decades of ecosystem productivity experiments, was
recently summarized in the ‘double asymmetry’ conceptual model (Knapp et al., 2017). The
double asymmetry model proposes two primary ANPP responses to precipitation. During years
with non-extreme rainfall totals (i.e. with deviations within approximately 2 standard
deviations of the observed long-term mean), ANPP exhibits a larger positive response relative

to its mean to precipitation increases than negative response to precipitation decreases. This
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response type is called “positive asymmetry.” On the other hand, during extreme dry or wet

years, ANPP exhibits the opposite behavior — that is, negative asymmetry.

The occurrence of positive or negative asymmetry is partly controlled by the ecosystem
response to precipitation, encapsulated at the annual scale in the precipitation-productivity
curve (or the PPT-ANPP curve). The PPT-ANPP curve is a mathematical function that relates
annual precipitation totals to annual ANPP at a given site. Both linear and non-linear PPT-
ANPP curves have been fit to experimental data (Hsu et al., 2012) and simulated using
ecohydrological models that resolve the coupled water and carbon cycles (Istanbulluoglu et al.,
2012; Parolari et al., 2015; Wu et al., 2018). The degree of non-linearity in the PPT-ANPP
curve controls whether the productivity response exhibits positive or negative asymmetry and,
therefore, how productivity will respond to changes in precipitation extremes (Ahlstrom et al.,
2015; Haverd et al., 2017; Hsu et al., 2012; Humphrey et al., 2018; Poulter et al., 2014). Convex
(Concave) PPT-ANPP curves lead to positive (negative) asymmetry and an increased
(decreased) mean ANPP with increased precipitation variance (Hsu et al., 2012). Therefore,
the non-linearity of the ANPP response to precipitation is critical to quantifying how the carbon
cycle will respond to changes in the distribution of annual precipitation. The non-linearity of
ecosystem carbon cycle responses to precipitation changes are particularly important because

climate change projections suggest an increase in precipitation extremes.

Asymmetry has been commonly quantified using the asymmetry index (AI), defined as the

difference between positive and negative deviations from the long term mean ANPP,

Al = (amax—lta) _ (Ma—amin) (1)

Ha Ha

where a,,q, and a,,;, are the maximum and minimum of an observed ANPP time-series,
respectively, and p, is the observed mean ANPP. When the positive ANPP deviations from
the mean are smaller than the negative deviations, Al is negative (and vice versa). Al is
estimated directly from ANPP observations sampled annually over multiple years and it
inherently combines the ecosystem response to precipitation (i.e., PPT-ANPP curve) as well as
the statistics of annual precipitation. Annual precipitation distributions are often positively
skewed (Fatichi et al., 2012) and samples of positively skewed variables exhibit positive

asymmetry. Therefore, positive skew of the annual precipitation distribution may introduce
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bias when estimating asymmetry from annual ANPP observations alone, leading to incorrect
conclusions about the non-linearity of the ecosystem response to precipitation (see Figure 1
and caption for examples). The influence of the annual precipitation distribution on the
statistics of Al is unknown, but is critical to the interpretation of asymmetry calculated from
ANPP data.

In this paper, we analyze the statistics of the asymmetry index using probabilistic and process-
based ecohydrological models. These models are used to quantify the relative contributions of
the inherent nonlinear ecosystem PPT-ANPP behavior and the distribution of annual PPT, and
identify the underlying physical mechanisms. Applying the models to 47 grasslands worldwide,
we identify for the first time the importance of sampling artifacts derived from inter-annual
precipitation variability on assessment of asymmetric ecosystem responses to changes in

precipitation.
2. Materials and Methods

2.1 Statistics of multi-year ANPP experiments

The asymmetry index, Al, can be interpreted as a random variable with a corresponding
probability density function (PDF), f,; (AI). The distribution f,,; (AI) quantifies the probability
of abserving either positive or negative asymmetry during a multi-year ANPP experiment with
N observations and can be considered the sampling distribution of Al. Through equation (1),
far (AI) depends on the PDF of the observed annual ANPP, f,(a), and the corresponding joint
PDF of the maximum and minimum values, fy 4 (Gmax, Gmin). EXxpressions for f,(a)
and fa, . a . (Qmax, Gmin) are derived in the Supplementary Material, sections S1 and S2,

respectively.

The distribution f,; (AI) can be derived using two assumptions. First, assume precipitation in
any year is an independent sample from an underlying distribution, fp (p,), where p, is the
annual precipitation amount. Second, assume ANPP is a deterministic and monotonically

increasing function of p,, i.e., a = g(p,), where g is the PPT-ANPP curve. Finally, note that

equation (1) can be rewritten as Al = 2 _2, where S = Amax + Amin 1S the sum of the

Ha

minimum and maximum observed ANPP values. The distribution of S is, by definition,
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fs(8) = ffooo famardmin (@S — a)da. (2)
Because Al is a linear function of S, the PDF of AI can be written as,

far (AD) = pafslpa (AT + 2)]. (3)

0]

where p, = [

o, afa(a)da is the expected value of annual ANPP. Equation (3) is valid only for

independent and identically distributed annual PPT and ANPP and, therefore, cannot be

generalized to cases where significant trends or autocorrelations are present in either signal.

Equation (3) describes the sampling distribution for the sign and magnitude of Al, given an
annual precipitation distribution, a PPT-ANPP response curve, and the length of the
experiment. Therefore, to complete equation (3), definitions of f5_ (p,) and g(p,) are needed.
In this study, the precipitation distribution, f» (p,) was assumed to be either normal or
lognormal with a specified mean and variance that are constant in time. The assumed PPT-

ANPP models, g(p,) are described below.

2.2 Precipitation-productivity response models

Four models were used to define the PPT-ANPP curve. Three purely statistical models at the
annual scale and one mechanistic ecohydrological model operating at the daily scale. The
statistical models are: linear, nonlinear concave, and nonlinear convex; and the ecohydrological
model is a minimalist physically-based soil water balance that relates soil water availability to
plant productivity (Porporato et al., 2004). The linear and nonlinear models were fit to
experimental data using least squares regression (Hsu et al. 2012). The statistical models were
used to quantify the relative contributions of the precipitation distribution and the PPT-ANPP
curve to AI, while the ecohydrological model was used to identify the ecohydrological

mechanisms that contribute to the PPT-ANPP curve shape and its effect on Al.
Linear model. The assumed linear PPT-ANPP curve is,

a=wp, +a, 4)
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where a (g DM m) is the annual ANPP, w (g DM m2 mm™) is a precipitation-use efficiency,
p. (mm) is the annual precipitation, a, (g DM m yr?) is the zero precipitation intercept, and
DM indicates dry mass (Hsu et al., 2012). The intercept a, is valid within the observed range
of precipitation only.

Nonlinear concave model. The assumed non-linear concave PPT-ANPP curve is,
a=anu— bpgl (5)

where a,, (g DM m? yr?) is the maximum ANPP and b (g DM m? mm yr?) is a parameter
that controls the sensitivity of a to p, (Hsu et al., 2012). The curvature of equation (5) is always

negative, i.e., g"”" (p,) = —2bp;3 < 0.

Nonlinear convex model. A non-linear convex PPT-ANPP curve is proposed to capture non-
linear behavior not modeled by equations (4) and (5) above, but that has been identified in
ANPP experiments (e.g., Parolari et al., 2015). This model is,

a= wpf (6)

where w (g DM m? mm™®) is a precipitation use efficiency and S is an exponent that controls

the non-linearity of the ANPP response to PPT. The curvature of equation (6) is positive for

B>1,ie,9"(a) = BB - Dwpt™.

Daily-scale piece-wise linear productivity with explicit soil water balance model. For climates
where the growing season occurs during the wet season, a PPT-ANPP curve with a mechanistic
basis can be derived from the approach described by Porporato et al. (2004). The model
assumptions are as follows: Precipitation is assumed to be a marked Poisson arrival stochastic
process with mean rate, A (d?), and exponentially-distributed daily depths with mean depth, a
(mm). The homogeneous marked Poisson process model of daily-scale precipitation is
consistent with the long-term mean annual precipitation, but does not generate a skewed
distribution of annual precipitation. Precipitation is partitioned into a rapid leakage/runoff
process and slower evapotranspiration. Because the leakage/runoff process is rapid and highly

non-linear, it is assumed to occur instantaneously at the daily-scale above a threshold soil
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moisture value, s;. Evapotranspiration (ET) is assumed to vary as a linear function of soil
moisture between 0 at the wilting point, s,,, and a potential, ETmax (mm d1), at saturation (s, ).
Net carbon assimilation rate, A, is assumed to achieve its maximum value, Amax (§ DM m2 d-
1) above a soil moisture threshold, s*, and decreases linearly below s* to 0 at a lower threshold,
s. (Daly et al., 2004; Feng et al., 2012). For parsimony, the seasonal pattern of leaf area index

that would affect A,,,,, is neglected.

For s.. = s,,, the PPT-ANPP curve from this model is,

o ) o

x*

where: fa, is the fraction of net assimilation allocated above-ground; Amax (g DM m? d%), the
maximum daily net assimilation rate; Tseas (d), the growing season length; x”, the relative soil
moisture, (s* —s,,)/(s1 — sw); ¥ = nz,(s; — s,,)/«, the ratio of soil water holding capacity
to mean rainfall deptha (where n and z- (mm) are the porosity and root zone depth,
respectively); and n = ETy,q,/n2-(s; — s,,) is the ratio of the maximum ET rate to the soil
water holding capacity. I'(a, b) = fbooxa‘le‘xdx is the upper incomplete gamma function
(Abramowitz & Stegun, 1972). Note that the annual precipitation is p, = aATs.,s. The
parameters a and A contribute separately to the nonlinearity of the PPT-ANPP curve, as shown
in the second term on the right-hand side of equation (7). T.,s Scales the maximum daily
abaveground productivity, f,An.x, t0 the annual scale, and is considered as a constant in the
present analysis. Equation (7) and a more general version of this model for s., > s, are derived
in the Supplementary Material, Section S3. The model exhibits positive curvature for low
values of precipitation and negative curvature for high values of precipitation only when s, >

Sy

The goal of equation (7) is solely to provide a mechanistic dependence of ANPP on annual P
(i.e., the PPT-ANPP curve). The underlying mechanistic assumptions include the statistics of
individual storm frequency and depth, the soil water holding capacity, and the daily-scale
evapotranspiration and productivity response to soil moisture. For further analysis of the effect
of annual precipitation skewness on Al, we use equation (7) in a similar fashion to the linear

and nonlinear empirical models (equations (4)-(6)).
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2.3 Case study data

As a detailed case study, PPT and ANPP data from Konza Prairie was used (Knapp et al., 2017;
Knapp & Smith, 2001). Konza Prairie is a perennial tallgrass prairie located in northeastern
Kansas. The climate is temperate, mid-continental with mean annual rainfall of 847 mm and
standard deviation 170 mm, calculated for the period 1991-2013. The distribution of annual
rainfall is well described by a lognormal distribution. The soils are deep silty clay loam and the
site iIs burned annually. Site details were taken from (Fay et al., 2000). ANPP estimates were
derived using aboveground biomass harvest in representative plots under ambient precipitation
(23 years) as well as irrigation (8 years) and drought treatments (2 years) (Hoover et al., 2014;
Knapp et al., 2017; Wilcox et al., 2016). The linear (equation 4) and nonlinear concave
(equation 5) statistical models were previously fit to the Konza Prairie data (Hsu et al., 2012;
Knapp et al., 2017). The minimalist model (equation 7) was applied to the Konza Prairie data
with parameters estimated from previous studies, reported in Table 1 in the results.

To further support our analysis we used the data reported in Hsu et al. (2012) to estimate the
Al distribution, f,,(AI) (equation 3), and the relative contributions of the precipitation
distribution and the PPT-ANPP curve to the shape of f,; (AI). Hsu et al. (2012) compiled and
analyzed 58 long-term ANPP datasets, 46 of which correspond to grasslands and were used
here. For each site, this dataset includes the number of years, annual precipitation, and ANPP
values. Growing season precipitation was used instead of annual precipitation in cases where
it was a better predictor of ANPP, which is also accounted for in equation (7) by rescaling
according to the growing season length. The dataset also includes the best fit precipitation
distribution (normal or lognormal) and linear and non-linear PPT-ANPP response curves
(equations 4 and 5) fit to the data. The Akaike information criterion (AIC) weight was
calculated for the linear model to identify the best fit PPT-ANPP curve.

2.4 Statistical analysis

For each of the 46 grasslands, we first calculated the distribution of Al, f,;(AI), using the best
fit precipitation distribution and the PPT-ANPP curve with the highest AIC weight. The total
asymmetry at each site was defined as the mode of this distribution, i.e., the most likely value
to be observed from a sample of ANPP values. Next, we separated the total asymmetry into an
external asymmetry, due to the precipitation distribution, and an internal asymmetry, due to the

PPT-ANPP curve. The external asymmetry was defined as the mode of the Al distribution
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calculated for the observed precipitation distribution and the reported linear model fit. The
internal asymmetry was defined as the mode of the Al distribution calculated for a normal
precipitation distribution with the observed mean and standard deviation and the PPT-ANPP
curve with the highest AIC weight. Therefore, the external asymmetry represents the skew
generated by the precipitation distribution and the internal asymmetry represents the skew
generated by the PPT-ANPP curve.

3. Results

3.1 The asymmetry index distribution

First, in this section, we study the sensitivity of the modeled asymmetry index distribution to
the model inputs. The skewness of f,;(AI) and its bias toward positive or negative values
depends on several factors related to the model inputs (Figure 2). When the annual precipitation
distribution is normal and the PPT-ANPP curve is linear, f,; (AI) is symmetric about Al = 0
(Figure 2a). That is, there is an equal probability of observing positive or negative asymmetry
in a field experiment, regardless of the parameters for either f, (p,) or g(p,). The symmetry
of fa;(Al) for this case results from the combination of a normal precipitation distribution,
which by definition is symmetric and has zero skew, and the linear PPT-ANPP response, which

has zero curvature and preserves the zero skew in the derived ANPP distribution.

Negative (positive) curvature in the PPT-ANPP curve increases the probability of negative
(positive) asymmetry in ANPP (Figure 2b, c). For a normal annual precipitation distribution,
concave PPT-ANPP curves skew f,; (AI) toward negative values, whereas convex PPT-ANPP
curves skew f,;(AI) toward positive values as expected. This skew is stronger for larger
curvature. Using the nonlinear convex model as an example (Figure 2c), the probability of
positive asymmetry increases with the exponent g which scales directly with the PPT-ANPP

curve curvature, i.e., g"(p,) < B(B — Dw.

Positive skew in f, (p,) leads to a higher probability of observing positive asymmetry in
ANPP. For example, when f, (p,) is lognormal and the PPT-ANPP curve is linear, f,;(AI) is

positively skewed (Figure 2d) and the probability of observing AI > 0 is more than 50%, even
though the ecosystem response is linear. Negative curvature in the PPT-ANPP curve can

overcompensate for the effect of positively skewed precipitation (Figure 2e). In contrast,
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positive curvature in the PPT-ANPP curve can amplify the effect of positively skewed
precipitation (Figure 2f).

Mean annual precipitation controls the variance and skewness of Al. Lower mean annual
precipitation is associated with higher variance (Fatichi et al., 2012) (Figure 2a) and higher
skewness (Figure 2d) of Al. Therefore, in drier sites there is a higher probability of observing
an AI far from the modal value, AI = 0. Further, drier sites show larger precipitation skewness

and, therefore, a higher probability of observing positive asymmetry, Al > 0.

The length of the experiment, N, also controls the variance and skewness of Al. For ecosystems
with negatively skewed Al due to a concave PPT-ANPP curve, longer experiments increase
the probability of observing negative asymmetry (Figure 2b, €). Similarly, ecosystems with
positively skewed Al due to a convex PPT-ANPP curve are more likely to present positive
asymmetry in longer experiments (data not shown). For ecosystems with a symmetric Al
distribution with equal probability of positive or negative asymmetry, longer experiments
reduce the variance of Al, increasing the probability of observing a small deviation from Al =
0 (data not shown). From a statistical perspective, increasing N will provide a better
characterization of the underlying AI population. Therefore, the sensitivity of the variance and
skewness to N revealed in these model experiments indicates that undersampled systems result

in either positive (e.g., linear model) or negative (e.g., concave model) bias in the AI statistics.

In summary, the asymmetry index, Al, observed in a multi-year ANPP experiment is itself a
random variable and its distribution, f,;(AI), depends on the skewness of the annual
precipitation distribution, f,, (p,), the curvature of the PPT-ANPP curve, g(p,), the length of

the experiment, N, and the mean annual precipitation.

3.2 Internal and external sources of asymmetry across multiple experiments

A wide range of internal-external asymmetry combinations were identified in the 46
experiments analyzed (Figure 3a). As expected, sites with best fit normal precipitation and
linear PPT-ANPP response show no asymmetry. Sites with best fit lognormal precipitation and
linear PPT-ANPP response exhibit only external asymmetry. Sites with best fit normal
precipitation and nonlinear PPT-ANPP response exhibit only internal asymmetry.

Interestingly, sites with best fit lognormal precipitation and nonlinear PPT-ANPP response
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show a wide range of total asymmetries. Therefore, a concave PPT-ANPP curve can either
cancel or overcompensate for positive precipitation skew. Further, for lognormal precipitation
and nonlinear PPT-ANPP curves, the separate internal and external asymmetries do not add to
the total asymmetry (Figure 3b). This result demonstrates interactions between the precipitation
skewness and ecosystem response nonlinearity in determining the mode of the Al distribution,
although the effect is minor.

The distribution of Al also varies substantially across the experiments (Figure 4a). For sites
with best fit normal precipitation and linear PPT-ANPP response, there is an equal probability
of observing positive or negative asymmetry. Andales et al. (2006) provides an example where
the best fit models were normal precipitation and linear PPT-ANPP response, yet the empirical
value of Al was positive (Figure 4b). Most sites with best fit lognormal precipitation and linear
PPT-ANPP response, have a higher probability of observing a positive asymmetry index. For
some of these sites, the 95% confidence interval of the Al distribution did not overlap the value
Al = 0. This indicates a strong likelihood of observing positive asymmetry in some systems
with linear ecosystem responses. The Smoliak (1986) dataset provides a clear example (Figure
4c¢). In these cases, interpretation of positive Al as indicative of a nonlinear ecosystem response
would be incorrect using current methods. The results for nonlinear PPT-ANPP response
curves were mixed. Overall, there was a higher probability of observing negative asymmetry
at these sites. For sites with skewed precipitation distributions, this implies that the PPT-ANPP
response overcompensates the positive asymmetry induced by precipitation (for example,
Figures 4d and 4e). Empirical Al values in these cases may be less negative than would be
expected for symmetric precipitation distributions. Most of the calculated 95% confidence
intervals overlapped the value AI = 0, indicating the potential for ambiguous experimental

results.

The modeled asymmetry index was related to characteristics of the experiments, including
precipitation mean, precipitation skewness, and experiment length (Figure 5). Notably, for
experiments with lognormal precipitation and a linear PPT-ANPP response curve (i.e., all
asymmetry is external), the mode of the modeled Al distribution decreased with mean
precipitation (Figure 5g), increased with precipitation skewness (Figure 5h), and increased with
experiment length (Figure 5i). That is, Al is more positive in drier sites with more skewed

precipitation. For experiments with lognormal precipitation and concave down PPT-ANPP
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response curve, the external Al increased with precipitation skewness, as expected, while the
total Al was always negative and decreased with skewness (Figure 5e,h). The nonlinearity in
the PPT-ANPP response curves overcompensated for the skewness introduced by precipitation.
For all experiments, the mode of the modeled Al distribution became more positive or more
negative as experiment length increased (Figure 5i). Consistent with the example Al
distributions in Figure 1, there is a greater probability of estimating the true sign of total

asymmetry for longer experiments.

3.3 Case Study: Konza Prairie

To isolate and demonstrate the effects of annual precipitation skewness and the curvature of
the PPT-ANPP response, the linear and nonlinear concave statistical models, as well as the
ecohydrological model, were applied to the Konza Prairie long-term ecological research

experiment data.

3.3.1 Statistical models

Under ambient precipitation conditions at Konza Prairie, precipitation is lognormally
distributed and ANPP was well approximated by a linear PPT-ANPP curve, a = 0.43p, +
144.1 (Hsu et al., 2012; Knapp et al., 2017). Indeed, consistent with the model results shown
in Figure 6, this dataset exhibits positive asymmetry with AI = 0.11. The model presented here
estimated a probability of observing positive asymmetry of P(AI > 0) = 0.75 for this system.
That is, there was a 75% probability of observing positive asymmetry considering skewness in

the annual precipitation distribution alone.

When the precipitation manipulation experiment data were included, ANPP was well
approximated by a nonlinear concave PPT-ANPP curve, a = 866.3 — 298620p;1. Again,
consistent with the model results shown in Figure 6, this dataset exhibits negative asymmetry
with AI = —0.07. The modeled probability of observing negative asymmetry is P(AI < 0) =
0.81. That is, when positively skewed precipitation and concave PPT-ANPP curve are
combined in this ecosystem, the model estimated an 81% probability of observing negative
asymmetry. For both cases, the observed asymmetry was nearly identical to the mode of the

modeled Al distribution (Figure 7).
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3.3.2 Ecohydrological model

Equation (7) relates the PPT-ANPP curve to a few fundamental properties of the soil-plant-
climate system. The non-linearity of this model PPT-ANPP curve is apparent on the right-hand
side of equation (7), which combines gamma functions with arguments incorporating the
assimilation stress point, x*, average storm inter-arrival time, 4, and the average storm depth,
a, Where the annual precipitation is p, = aATs.,s. PPT-ANPP curves predicted from equation
(7) are illustrated in Figure 5 with data collected in the rainfall manipulation experiment at
Konza Prairie (see Figure 3 in Knapp et al. (2017)). The PPT-ANPP curve shape is primarily
controlled by the ratio of soil water holding capacity to the mean rainfall depth, y =
nz.(s; — s,,)/a. The model matches the observations for low values of 1.5 < y < 5 with the
minimum root mean square error (RMSE) obtained for y = 2.8. A value of y = 2.76 that
matches the RMSE value was estimated independently from other literature sources (see Table
1

The results in Figure 8 demonstrate that negative curvature in the PPT-ANPP curve is a
fundamental property of this model system, apparent across a wide range of parameters.
Negative curvature in this model arises from two physical assumptions. First, ET and A
decrease linearly with soil moisture. This drives ANPP to zero as precipitation decreases to
zero. Second, the root zone water holding capacity is finite, whereas storm depths follow an
exponential distribution with a finite probability of exceeding this capacity. Therefore, there is
a value of annual precipitation beyond which a substantial fraction of water is lost to surface
runoff or groundwater recharge and cannot be used by plants to support ANPP. Therefore,
ANPP saturates at high values of annual precipitation. As y varies the PPT-ANPP curve
transitions from linear to non-linear in shape, where clear regions of zero and maximum annual
productivity emerge. At both very small or large values of y, linear regions of the curve emerge,
which could confound experimental results if this region overlaps typical precipitation

variability.

The sensitivity of the asymmetry index, Al, to climate and ecosystem properties is revealed by
equation (7), which combines the soil water balance, productivity response to soil moisture,
and inter-annual rainfall variability (Figure 9). The model indicates a non-linear dependence
of Al on the rainfall skewness and the ratio of the soil water holding capacity to mean rainfall

depth, y. Positive asymmetry, AI > 0, is typical for low y and high rainfall skewness. On the
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other hand, negative asymmetry, Al < 0, is typical for high y and low rainfall skewness.
Therefore, ecosystems that exhibit negative asymmetry are more likely to have a higher soil
water holding capacity than ecosystems that exhibit positive asymmetry.

For cases where net assimilation reaches zero before evapotranspiration, i.e., x., > 0, aregion
of positive curvature in the PPT-ANPP curve is predicted by the model for low values of annual
precipitation (Figure 10a, equation S28). This PPT-ANPP curve exhibits both positive
curvature, at low precipitation, and negative curvature, at high precipitation. The impact of this
shape on the asymmetry index depends on the form of the annual precipitation distribution (i.e.,
normal or lognormal) and the mean annual precipitation. To isolate the effect of positive
curvature in the PPT-ANPP curve, consider several cases with normally distributed
precipitation. When the mean precipitation is near the inflection point of the PPT-ANPP curve,
there is a nonlinear relationship between the mode of the Al distribution and the parameter x.,.
(Figure 10 "b). Al is most negative for intermediate values of x.,.. In contrast, when the
mean precipitation is lower than the inflection point of the PPT-ANPP curve, the mode of the
Al distribution increases with x, (Figure 10c). As x., increases, the most likely value of Al
increases and switches from negative to positive. Therefore, there is a nonlinear interaction
between the precipitation distribution and the PPT-ANPP curve that determines the skewness

of f,; (AI) and the likelihood of observing positive or negative asymmetry.

4. Discussion

Understanding the mechanisms through which climate variability drives ecosystem responses
is a critical step toward assessment of climate-ecosystem interactions. Quantifying the
asymmetric response of plant productivity to annual rainfall, particularly in grassland
ecosystems, can have crucial implications for predictions of future global carbon cycle
dynamics under varying precipitation regimes. Our results demonstrate that AI, commonly
used to quantify such asymmetry, is dependent on both precipitation statistics as well as
inherent ecosystem dynamics, potentially masking the true effects of precipitation on
productivity. Such dependence of Al on precipitation statistics may be problematic because
climate change projections suggest an increase in precipitation extremes. A change in the
distribution of annual precipitation, imposed by the intensification of extremes, could strongly
bias our estimates of productivity responses to rainfall under a changing climate. Specifically,

our results suggest that the skewness of the annual precipitation distribution must be accounted
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for when interpreting empirical estimates of Al. In our model, precipitation skewness in the
ambient Konza Prairie experiment resulted in a 75% probability of observing positive
asymmetry (Figure 7). In addition, 11 of the 46 site models resulted in positive asymmetry
arising from precipitation skewness (Figure 3a). Intensification of precipitation extremes
would lead to an annual precipitation distribution with a heavier tail and larger skewness. This
larger skewness would likely result in an increased estimate of Al, which may not reflect a

change in ecosystem dynamics, but rather a statistical artifact of the Al estimation procedure.

The Al distributions calculated using models here suggest a large uncertainty in the AI sampled
during experiments (Figures 1, 4a). This uncertainty was introduced into the models entirely
via the annual precipitation distribution, while the PPT-ANPP response curve shape and length
of the experiment act to increase or decrease the variance and skewness derived from the
precipitation distribution (Figure 2). In addition to the positive bias introduced by positively
skewed precipitation, large variance in the sampled Al distribution may lead to erroneous
conclusions regarding the shape of the PPT-ANPP curve. All combinations of precipitation
distribution (i.e., normal or lognormal) and PPT-ANPP curve (i.e., linear, convex, concave)
resulted in several sites where the 95% confidence interval of Al overlapped the value Al = 0
(Figure 4a). Therefore, large uncertainty in AI may confound interpretation of the ecosystem

response to precipitation variability as well as cross-site comparisons.

Falsely predicting positive (concave up) ecosystem response asymmetries can be particularly
detrimental as it can lead to overestimation (underestimation) of the productivity gains (losses)
with climate change. Internal positive asymmetries were found to be falsely generated for
several cases when precipitation skewness was high. Precipitation skewness is typically high
when annual precipitation is low and, therefore, false positive asymmetries are more likely in
semi-arid grasslands. Overpredicting true internal asymmetries using Al can lead to an
overconservative estimation of productivity losses in semi-arid climates that are expected to
become drier with climate change. This overconservative estimation might lead to
overpredictions of crop yield under climate change, and potentially put a larger emphasis on
the importance of semi-arid grasslands on the interannual dynamics of the global carbon cycle.
Considering that the distribution of rainfall is those areas is frequently positively skewed,

sampling biases are expected to play a major role (Fatichi et al., 2012).
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On the other hand, positive precipitation skewness was often found to coincide with negative
internal asymmetry (i.e., concave down ecosystem response) for low precipitation skewness in
the dataset. Precipitation skewness is typically low when annual precipitation is large, common
in mesic grasslands, which are not expected to experience significant water stress. Because of
the precipitation skewness, the total Al values were less negative than would be implied by the
true ecosystem response to precipitation. As rainfall skewness through the bias it introduces,
overpredicts Al, this suggests a potential overestimation of productivity with climate change,
especially considering that in most mesic grassland ecosystems, climate change projections
suggest a rainfall increase (Ukkola et al., 2020). Considering that mesic grasslands might by
more significantly limited by either other environmental factors (e.g. temperature) or nutrient
limitations (Du et al., 2020; Konings et al., 2017), using Al as a prognostic tool could lead to
false overprediction of productivity. However, precipitation skewness in those biomes is small,
so the bias introduced by sampling is expected to be low (Fatichi et al., 2012).

Robust assessments of the carbon cycle response to precipitation change will require
substantial effort to improve precipitation and ecosystem productivity data availability. The
empirically derived AI depends on the length of the experiment N, such that longer experiments
lead to improved estimates of Al (Figure 2). The experiment length is critical to properly
identify non-linear ecosystem responses, particularly for rainfall manipulation experiments.
Furthermore, higher order statistical properties of the precipitation distribution have been so
far difficult to quantify. Positive skewness in annual precipitation distributions is common and
increases with the coefficient of variation, C,, (Fatichi et al., 2012), which is in fact a property
of the lognormal distribution used here, i.e., s o< C3. The largest C,, was observed in semi-arid
climates (Fatichi et al., 2012), which are also the strongest contributors to the interannual
variability of the carbon cycle (Ahlstrém et al., 2015). However, quantification of skewness
change is limited by the length of available data records (Fatichi et al., 2012), especially in
data-poor semi-arid regions. Therefore, the sampling artifacts of Al elucidated here may

strongly influence global scale carbon cycle assessment.

The asymmetry index has yielded important insights into the non-linearity of ANPP response
to changing precipitation regimes (Knapp et al., 2017). However, new asymmetry metrics are
needed to improve interpretation and attribution of experimental observations. For example,

these approaches may include data transformations to remove precipitation skewness, non-
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parametric statistical methods, or stochastic-dynamic system models. Asymmetry indices
based on annual data, if built and assessed properly can provide important information
concerning the response of annual productivity to precipitation. However, these responses,
especially in semi-arid grasslands, might be highly influenced by the shorter temporal scale
features of precipitation. Heisler-White et al. (2009) showed that the precipitation structure,
and in particular its pulse dynamics, highly influences annual productivity. Global scale
support of such an argument can also be found in recent studies that showed that annual
productivity is highly dependent on a small number of hours/days when ecosystems are most
active (Fatichi & lvanov, 2014; Zscheischler et al., 2016). For this reason, detailed fine-scale
ecohydrological models, driven by stochastic weather generators that inherently account for
stochastic precipitation variability, can provide essential information needed to interpret

empirical data.

5. Conclusion

Symmetric, asymmetric, or double asymmetric models for grassland productivity responses to
annual rainfall are extremely useful prognostic tools for the responses of one of the most
important biomes for global food security and global carbon management under a changing
climate. Given the lack of long-term data (Knapp et al., 2017) to fit PPT-ANPP curves to
observations with confidence, the Al has been extensively used to diagnose such asymmetries.
However, our results show that Al can be heavily biased by the sampling distribution of annual
rainfall and the sample size, leading to incorrect assessments of true nonlinear ecosystem
response to climatic forcing (i.e., “internal” ecosystem asymmetry). It is reasonable to expect
other ecosystem variables and metrics influenced by skewed climate drivers may suffer from

similar biases.
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Table 1. Model parameters estimated from previous studies at Konza Prairie (Heisler-White
et al., 2009; Knapp et al., 2017; Porporato et al., 2004, 2006)

Parameter Units Value
Root depth Zr mm 300
Porosity n - 0.52
Field capacity S1 - 0.67
Wilting point Sw - 0.34
Mean rainfall depth a mm 11.4
Maximum potential evapotranspiration ~ ETmax mm d* 4.5
Maximum daily net assimilation Amax gDMm2d? 38
Assimilation stress point s - 0.6
Growing season length Tseas d 183
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Figure 1. Examples of the annual precipitation distribution influence on estimated asymmetry
index (Al) in ANPP experiments. (a) When the precipitation distribution is positive skewed
and the PPT-ANPP response curve is linear, ANPP experiments will yield a positive Al, leading
to an incorrect conclusion regarding the nonlinearity of the ANPP response to precipitation. (b)
When the precipitation distribution is symmetric (e.g., normal) and the PPT-ANPP response
curve is nonlinear concave, positive ANPP deviations are smaller than negative deviations and
Al is correctly estimated as negative. (c) When the precipitation distribution is positive skewed
and the PPT-ANPP response curve is concave, the ecosystem response can offset some or all
of the positive asymmetry introduced by the precipitation statistics, confounding the
relationship between experimentally determined Al and the nonlinearity of the ANPP response

to precipitation.
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Figure 2. The probability density function (PDF) of the asymmetry index, f,; (AI), for different
combinations of annual precipitation distribution (normal, top; lognormal, bottom) and PPT-
ANPP curves (linear, left; nonlinear concave, middle; nonlinear convex, right). The influence
of several parameters on the distribution of Al are also shown: the mean annual precipitation,
P, the experiment length, N, and the convexity of the PPT-ANPP curve, controlled by the
exponent, .
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Figure 3. (a) Decomposition of modeled internal and external asymmetry indices and (b)
comparison of modeled total asymmetry index to the sum of modeled internal and external
asymmetry indices for the grassland experiments compiled in the Hsu et al. (2012) dataset.
Colors correspond to the following precipitation distribution, PPT-ANPP curve pairs: blue
(linear, normal); red (linear, lognormal); yellow (nonlinear, normal); purple (nonlinear,
lognormal). In (a), the diagonal line denotes nonlinear, lognormal sites where positive
precipitation skew is exactly compensated by ANPP-PPT curve saturation. Sites that fall below
this line have negative total asymmetry resulting from overcompensation by ANPP-PPT curve
saturation. Note there are no sites with positive total asymmetry because the PPT-ANPP curves

were assumed to be either linear or nonlinear concave (equations 5 and 6).
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Figure 4. (a) Modes and 95% confidence intervals of the modeled asymmetry index
distributions for the grassland experiments compiled in the Hsu et al. (2012) dataset. (b)-(e)
Example best fit annual precipitation distributions, best fit PPT-ANPP curves, and ANPP
distributions illustrating each of the 4 combinations of normal/lognormal precipitation
distributions and linear/nonlinear PPT-ANPP curves (Al distributions marked by the asterisks

in (a)) (Andales et al., 2006; Y. Bai et al., 2004; Y. F. Bai et al., 2001; Smoliak, 1986).
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Figure 5. Mode of the modeled asymmetry index distributions as a function of (a,d,g) annual
precipitation mean, (b,e,h) annual precipitation skewness, and (c,f,i) experiment length. The

internal Al due to PPT-ANPP response (a-c), external Al due to precipitation skewness (d-f),
and total Al (g-i) are shown.
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Figure 6. Separate contributions of (a) positively skewed precipitation and (b) nonlinear
concave PPT-ANPP response curve to (c) asymmetry in the inter-annual ANPP distribution for
the Konza Prairie long-term ANPP experiment. The linear PPT-ANPP curve with a normal
precipitation distribution results in a symmetric ANPP distribution (gray curves in (a), (b), and
(c)). Because the observed precipitation distribution is positively skewed, the ANPP
distribution for the linear PPT-ANPP curve (fit to the ambient data, blue dots) is also positively
skewed (solid black curves in (a) and (c)). For the nonlinear concave PPT-ANPP curve (fit to
the ambient and precipitation manipulation data, blue, red, and green dots), the ANPP
distribution is negatively skewed (dashed black curves in (a), (b), and (c)). In (b), the blue dots
denote ambient precipitation, the red dots denote drought treatment, and the green dots denote

irrigation treatment.
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manipulation cases at Konza Prairie. The dashed lines correspond to the values of Al calculated

from the data with equation (1).
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Figure 8. PPT-ANPP curves predicted by the minimalist model for non-seasonal climates
(equation 7). The dashed black line corresponds to the minimum RMSE fit to the data (y =
2.8) and the solid black lines illustrate the range 1.5 <y < 5 and limiting values of y that
produce regions of nearly linear PPT-ANPP response (y = 0.2 and y = 82). Parameters are
given in Table 1. Annual precipitation is varied by varying A while « = 11.4 mm is held

constant (Porporato et al., 2006). The data points are from the Konza Prairie LTER (Hoover et

al., 2014; Knapp et al., 2017; Wilcox et al., 2016).
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Figure 9. (a) Mode of asymmetry index (Al) and (b) the probability of observing negative
asymmetry (i.e., AI < 0) as a function of the ratio of soil water holding capacity to mean
rainfall depth, y, and the skewness of the annual precipitation distribution, as predicted by the
minimalist PPT-ANPP model (equation 7). The value of Al plotted is the mode of the
underlying distribution f,; (AI). Mean annual rainfall is 800 mm and other parameters are given
in Table 1.
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Figure 10. The effect of water-limited net assimilation on (a) the physically-based PPT-ANPP
curve and the asymmetry index distribution, f,; (AI), for (b) mean precipitation of 800 mm and
(c) mean precipitation of 400 mm. The precipitation distribution is assumed to be normal and
all other parameters are given in Table 1.
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