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ABSTRACT

Ecosystem responses to precipitation pulses (“pulse responses”) exert a large control over global carbon, water, and energy cycles.
However, it is unclear how the timing and magnitude of pulse responses will vary across ecosystems as precipitation regimes
shift under accelerating climate change. To address this issue, this study evaluates how plants and ecosystems respond to precip-
itation pulses and explores potential implications of altered precipitation regimes for the carbon and water cycles. In particular,
we conducted a global meta-analysis to quantify the magnitude and timing of plant and ecosystem carbon-related (A, ,, NPP,
GPP, R, Rbg) and water-related (ET, T, ¥, g ) responses to 587 precipitation pulses. By analyzing pulse-response metrics pub-
lished in the primary literature, we evaluated the characteristics of those pulse responses. We assessed whether precipitation
pulses lead to a classic pulse response (i.e., a hump-shaped response as described by the pulse-reserve framework), a linear pulse
response, a combination of classic and linear, or a lack of a pulse response. If a pulse response occurred, we explored the factors
that drove its timing, magnitude, and speed. Our meta-analyses revealed that the classic, hump-shaped response is not ubiqui-
tous, as it only accounted for 52% of the pulse responses. However, when a pulse response did occur, carbon-related responses
to precipitation pulses were larger in magnitude (e.g., larger peak) than water-related pulse responses at relatively arid sites.
However, at relatively mesic sites, this relationship reversed (i.e., water-related responses to precipitation pulses were larger than
carbon-related responses). Additionally, larger precipitation pulse amounts increased water-related response magnitudes more
than carbon-related response magnitudes across both arid and mesic sites. Therefore, under future precipitation intensification,
carbon-related responses to precipitation pulses may become more decoupled from water-related pulse responses in wetter bi-
omes but more coupled to water-related pulse responses in drier biomes.
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1 | Introduction

Intensification of the global water cycle is leading to more in-
frequent and extreme precipitation events (Trenberth 2011;
Pendergrass and Hartmann 2014; Pendergrass et al. 2017; Giorgi
et al. 2019), superimposed upon longer and more persistent
dry periods, enhanced vapor pressure deficits, and expanding
aridification (Novick et al. 2016; Williams et al. 2022; Jacobson
et al. 2024; Koppa et al. 2024). Ecosystem responses to precipita-
tion events (“pulse responses”) exert a large control over global
carbon, water, and energy cycles (Kannenberg et al. 2020). The
timing and frequency of rainfall events, then, may ultimately
control whether ecosystems are carbon sinks or sources, es-
pecially in drylands (Delgado-Balbuena et al. 2023). Hence,
quantification and attribution of carbon and water responses to
precipitation pulses are critical to forecasting future ecosystem
behavior.

The “pulse-reserve” framework describes how resource
(e.g., precipitation) pulses are expected to influence various
biological and abiotic responses (Noy-Meir 1973; Ogle and
Reynolds 2004). In particular, the framework suggests that
pulse responses are often nonlinear: an initial stimulatory re-
sponse, followed by a delayed peak, and subsequent decline
as the influence of the resource pulse passes (Noy-Meir 1973;
Ogle and Reynolds 2004). Lagged responses to precipitation
pulses (delayed peaks) can also occur and can vary from
hours to days (Huxman, Smith, et al. 2004; Lépez-Ballesteros
et al. 2016). For example, some studies have found an initial
and nearly immediate soil CO, efflux response when rainwa-
ter displaces accumulated CO, in shallow soil or due to rapid
microbial oxidation of labile carbon substrates (Baldocchi
et al. 2006; Matteucci et al. 2015; Scott and Biederman 2017).
Others have found lagged effects of precipitation pulses on
plant photosynthesis (Williams et al. 2009), likely due to
leaf or annual plant growth in response to moisture pulses
(Wohlfahrt et al. 2008). Components of carbon- and water-
related pulse responses driven by microbial versus vegetation
processes may thus exhibit differing lags (Garcia-Pichel and
Sala 2022), challenging generalization across ecosystems.

Differing environmental conditions may affect the magnitude
and timing of precipitation pulse responses across biomes.
Classic hump-shaped or peaked responses described by pulse-
reserve frameworks are more commonly observed in dry-
lands (Ogle and Reynolds 2004; Reynolds et al. 2004; Collins
et al. 2008, 2014) and are not as well documented in mesic
systems with fewer sustained dry-down periods (Feldman
et al. 2024). In mesic systems, pulse responses are less ob-
vious, yet may still be driven by the frequency, amount, and
timing of precipitation events (Feldman et al. 2021). Given
higher soil water content and shorter intervals between
events, pulse responses in mesic systems may not follow a
classic, hump-shaped response. A framework capable of eval-
uating pulse responses across diverse ecosystems (or biomes)
and pulse-response shapes is necessary to assess the gener-
ality of pulse dynamics in the face of global change (Santos e
Silva et al. 2024; Koppa et al. 2024). This framework can help
inform how global carbon and water cycles can shift under
climate change, since individual precipitation pulse responses

aggregate to influence large-scale carbon storage and regional
water flux patterns.

While multi-site assessment of pulse responses is available
from satellite remote sensing information (e.g., Feldman
et al. 2021), no systematic synthesis of empirical studies has
been conducted, potentially due to comparability issues that
arise when integrating published results from across different
studies (Vicca et al. 2012). For example, despite a long his-
tory of pulsed watering manipulations, differences in water-
ing amount, timing, and post-pulse measurement frequency
challenge direct intercomparison. To address this gap, we
conducted a global meta-analysis of 41 published studies that
describe the effect of precipitation pulses on ecosystem water
and carbon responses across different scales, from leaves to
ecosystems. For water-related responses, we focused on plant
water potential (¥), stomatal conductance (g), transpira-
tion (T), and evapotranspiration (ET). For carbon-related re-
sponses, we focused on leaf-level net photosynthesis (4, ), net
primary productivity (NPP), gross primary productivity (GPP),
ecosystem respiration (R, ), and belowground respiration
(Rbg). Using data summaries (published results) extracted for
587 water-related and carbon-related pulse responses across
five biome types, we ask: (Q1) When do precipitation pulses
lead to a classic pulse response (i.e., hump-shaped response
as described by the pulse-reserve framework)? (Q2) When a
pulse response occurs, what drives its timing, magnitude, and
speed? And, (Q3) when a pulse response occurs, how does site
aridity affect the pulse response?

We addressed these questions by applying Bayesian mixture
models to literature-extracted data that account for experi-
ment- and study-level effects, thus allowing us to estimate the
magnitude of the pulse response (peak), timing of the peak,
and speed and shape of the response (e.g., whether the re-
sponse was classically hump-shaped, linear, or in-between) for
multiple response variables. Then, we summarized the results
from the Bayesian mixture models and used generalized lin-
ear models (GLMs) to evaluate the relationships between the
estimated shape, magnitude, timing, and speed of the pulse
response versus environmental and study conditions (e.g.,
pulse amount, site-level mean annual precipitation [MAP],
site-level mean annual temperature [MAT], spatial scale of
the observation, and whether the pulse response is carbon- or
water-related). Synthesis of the Bayesian results via the GLMs
provides insight into differences in pulse response dynamics
across biomes and potential implications for the coupled car-
bon and water cycles.

2 | Methods
2.1 | Literature Search and Data Extraction

We conducted a literature search in Web of Science (data ac-
cess time range: January 2019-March 2020) to identify studies
that focused on the impacts of precipitation pulses on plant
and ecosystem carbon and water response variables (i.e., A
NPP, GPP, R, R, ET, T, ¥, g; refer to Table 1) across a range
of ecosystem types (refer to Table 2 for search criteria/search
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TABLE1 | Listof precipitation pulse response variables targeted in this study.

Variable type Response variable Description Scale(s) of observation
Water-related ET Evapotranspiration P
T Transpiration L, I,P
Plant water potential L,LP
& Stomatal conductance L,I
Carbon-related A e Leaf photosynthesis LI
NPP Net primary productivity L, LLP
GPP Gross primary productivity L,P
R.., Ecosystem respiration P
Ry, Belowground respiration P

Note: The scale of observation reflects whether variables were measured or reported at the level of the leaf (L), individual plant (I), or plot/footprint (P). In the
Bayesian models, all pulse responses are unitless and represented as the log-response ratio (LRR; Hedges et al. 1999) with respect to each response's value at time t=0

(immediately prior to pulse application).

TABLE 2 | Summary of literature search terms and number of references found in Web of Science.

Variable type Search terms

Number of
papers used

Number of
papers found

Carbon-related

TOPIC: ((water* OR irrigation OR precipitation) 852 21

AND (pulse OR addition) AND (experiment* OR
manipulation) AND (photosyn* OR NEE OR respir*
OR GPP OR GEE OR NPP OR NEP OR decomp*))

Water-related

TOPIC: (precipitation AND *arid AND 65 8

pulse AND evapotranspiration)

TOPIC: (precipitation AND *arid AND 61 7

pulse AND transpiration)
TOPIC: (precipitation AND *arid AND pulse AND sap*) 35 3
TOPIC: (precipitation AND *arid AND 35 2

pulse AND evaporation)

Note: All searches were refined to include English language literature only.

strings). We filtered our search results to only include stud-
ies that involved a water addition (e.g., natural precipitation
event or artificial watering) that was temporally discrete,
such that the water pulse was preceded by an extended rain-
free period and no additional water was applied during the
post-pulse study period. Published studies were also retained
if they included: (1) pre-pulse measurements of the response
variable, (2) measurements of the response variable over time,
and (3) an adequate drying period before the next wetting
event (if multiple pulse events occurred). The first literature
search focused on carbon flux responses and was quite broad
in its definition of “pulse.” While this search yielded the most
results (852 articles), only 1% of these papers included ap-
propriate data as described above. Based on this experience,
we targeted our water-related response searches to focus on
individual response variables. Though this strategy yielded
several duplicate papers, ~12% of the non-duplicate studies
satisfied our criteria. In total, the complete literature search
yielded 1048 studies for initial review, 41 papers retained, and
data for 587 pulse responses (encompassing 225 separate pulse
events or “pulse experiments” across five biomes; Figure 1).

Table 2 summarizes the results of the literature searches.
These records represent nine different pulse response vari-
ables; 398 align with carbon-related variables and 189 with
water-related variables. For most studies, multiple pulse re-
sponse variables were recorded per pulse experiment event,
e.g., a study may have recorded both GPP and ET after a single
pulse application.

After identifying appropriate papers, we extracted pulse char-
acteristics (e.g., including sample means and uncertainty es-
timates of the carbon- and water-related response variables
of interest) and associated metadata from each paper. To ex-
tract sample means and uncertainty estimates, we used an R
(R Core Team 2020) function (“digitize”; Poisot et al. 2016)
and a MATLAB (The MathWorks Inc. 2020) function (“gra-
bit.m”; Doke 2024). Where possible, we determined the loca-
tion, MAP, MAT, and spatial scale of the study (Table 1), and
whether the water pulse was experimental or natural. Not all
studies included MAT and MAP, and missing values were ex-
tracted from WorldClim (Fick and Hijmans 2017) using site co-
ordinates. While many studies occurred in semiarid and arid
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FIGURE1 | Map of study sites identified by the literature search. Although most sites occur in semiarid ecosystems in the northern hemisphere,

our meta-analysis incorporated all studies that met our criteria (see Table 2), which included sites from five different biomes. Aridity data were
calculated by taking the ratio of precipitation to evapotranspiration based on data obtained from the TerraClimate website. Transparent land areas
indicate the aridity index was very humid (approaching infinity). Map lines delineate study areas and do not necessarily depict accepted national
boundaries. Map of study sites identified by the literature search. Although most sites occur in semiarid ecosystems in the northern hemisphere, our
meta-analysis incorporated all studies that met our criteria (see Table 2), which included sites from five different biomes. Aridity data were calculat-
ed by taking the ratio of precipitation to evapotranspiration based on data obtained from the TerraClimate website. Transparent land areas indicate
the aridity index was very humid (approaching infinity). Map lines delineate study areas and do not necessarily depict accepted national boundaries.

biomes in the northern hemisphere, we extracted data from all
studies that met our criteria, which included sites across five
Whittaker biomes (figure 1, Ricklefs 2008), with MAP span-
ning 116-1311 mm.

We summarize our multi-step approach to synthesizing data ex-
tracted from the literature in Figure 2. Below, we first describe
the specific mathematical models used to capture potential
pulse response shapes, then we describe how we fit these models
to the data within a hierarchical Bayesian meta-analysis frame-
work. Finally, we summarize how we analyzed the output from
the Bayesian meta-analyses to explicitly address our research
questions.

2.2 | Synthesis and Modeling Approach
2.2.1 | Overview of Pulse-Response Models

Preliminary graphical analysis indicated some response vari-
ables exhibited the classic hump-shaped pulse response, others
responded linearly, and some exhibited intermediate responses.
Thus, we considered two functions for describing carbon-
and water-related responses to precipitation pulses: a Ricker-
inspired function (Bolker 2008) to capture classic, hump-shaped
responses, and a simple linear function, where the response in-
creases or decreases with time (Figure 2). We also considered a
mixture of Ricker and linear functions, allowing for a diversity
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FIGURE2 | Flowchartsummarizing our analysis framework, starting with extraction of information (data) from the literature, followed by three
analysis steps. Step 1: Fitting the mixture model (focal model) and its individual model components (linear- and Ricker-only models) to the data,
along with determining how to model the mixture weights (fixed [0 or 1] or treated as stochastic). Step 2: Using the parameter estimates from the
mixture models to define the pulse type category for each pulse event. Step 3: Conducting generalized linear models (GLMs) to evaluate the factors
influencing pulse response type and the pattern of the pulse response (shape, speed, magnitude). Here, w describes the relative contribution of the
Ricker-type (hump-shaped) pulse response, whereas 1-w describes the relative contribution of the linear pulse response. The w CI is the credible
interval for w, which was used to determine the pulse categories as described in Determination of pulse response type.Flowchart summarizing our
analysis framework, starting with extraction of information (data) from the literature, followed by three analysis steps. Step 1: Fitting the mixture
model (focal model) and its individual model components (linear- and Ricker-only models) to the data, along with determining how to model the mix-
ture weights (fixed [0 or 1] or treated as stochastic). Step 2: Using the parameter estimates from the mixture models to define the pulse type category
for each pulse event. Step 3: Conducting generalized linear models (GLMs) to evaluate the factors influencing pulse response type and the pattern of
the pulse response (shape, speed, magnitude). Here, w describes the relative contribution of the Ricker-type (hump-shaped) pulse response, whereas
1-w describes the relative contribution of the linear pulse response. The w CI is the credible interval for w, which was used to determine the pulse
categories as described in Determination of pulse response type.

of pulse response shapes that spanned a linear-Ricker gradient
(Figure 3). Toward addressing Q1, we fit three models—Ricker-
only, linear-only, or a mixture—to the extracted pulse response
data. Here, we provide a general description of the three differ-
ent functions.

The Ricker function describes how a response variable, y, var-
ies with time since pulse application, ¢, given model parame-
ters (a and b), such that y(t, a, b) = a-t-e *. We reparametrized
this model in terms of (1) the height of the peak response,
Ypeak (e.g., the maximum value when the precipitation pulse
stimulated the response or the minimum value when the

precipitation pulse had in inhibitory effect or simulated a vari-
able defined by negative values, such as for ¥), and (2) the time
at which this peak occurred, Lpeatc with respect to t=0 (t=0
represents the time immediately before the water pulse was
applied). Thus:

1——t +10g(t)—log(; eak)
y(t’ ypeak» tpeak) = ypeake Ipeak P (1)

The resulting model was also easier to fit compared to the
original parameterization (refer to section Implementation of
Bayesian models).
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FIGURE 3 | Example curves illustrating linear-only, Ricker-only, and mixtures of Ricker and linear functions. Examples are shown for mixture

weights of w=0 (linear-only), w=0.2, w=0.5, w=0.8, and w=1 (Ricker-only). Parameter values representing different types of pulse responses are

shown for (A) b=0, m=0.1, ¢
t

peak =21 Ypeak = 21 (B) b=0, m=0.15, Loeak

peak

=38, Ypeak = 2,(C)b=0, m=-0.1, tpeak =2, Ypeak = —2,and (D) b=0, m=-0.1,
=2, Ypeak = 2- When applied to the literature data, ¢ is time since application of the water pulse, and y denotes the log-response ratio (LRR) for a

given response variable of interest, where LRR is defined such that y=0 at t=0.

The linear function is simply given by:

y(t,bm)y=b+m-t )

where the intercept, b, describes the response variable, y, at time
t=0, such that b describes the value of y immediately before a
water or precipitation pulse. The slope, m, describes the “speed”
of the linear response, or how quickly the response variable of
interest reacts to the precipitation pulse.

The mixture model that combines (1) and (2) is given by:

y([7ypeak’ [peak’ b, m,w) =w 'YRicker([’ypeak’ [peak) +1-w)- yLinear(t’ b, m)

(©)

where Vit Y peak? tpeak) and y,, ..(t, b, m) are given by
Equations (1) and (2), respectively; w is the mixture weight that
describes the relative contribution of the Ricker-type (hump-
shaped) pulse response, whereas 1-w describes the relative con-
tribution of the linear pulse response. If w=1 (or w=0), then
Equation (3) returns the Ricker (or linear) model; for w between 0
and 1 (e.g., wclose to 0.5), Equation (3) describes a range of pulse
responses characterized by a combination of hump-shaped and
linear behavior (Figure 3).

2.2.2 | Bayesian Approach to Synthesizing
Across Studies

To evaluate pulse response behavior, we computed the log-
response ratio (LRR; Hedges et al. 1999) for each response

variable with respect to its value at t=0. Thus, LRR=0 just
prior to the water pulse application (t=0). We assumed that
the “observed” LRR values follow a normal distribution
with a mean that is given by one of the above pulse response
functions, either the Ricker, linear, or mixture model in
Equations (1), (2), or (3), respectively. We specified hierarchi-
cal priors for the pulse experiment-level parameters (ypeak,
Eoeatc b, m, and w), centered on study-level parameters (again,
often multiple pulse experiments were reported in a study).
Finally, study-level parameters were assigned relatively non-
informative priors. We provide details below.

We first implemented univariate models for each of the nine
response variables. We used these models to inform the imple-
mentation of multivariate models that accounted for potential
correlations among parameters associated with the response
variables that were measured during the same pulse experi-
ment (e.g., refer to Ogle et al. 2021). For both the univariate and
multivariate models, we follow Ogle et al. (2021) and assume
independent “measurement errors” such that the “observed”
LRR values follow a normal distribution, such that for record i:

LRR; ~ Normal (y;,7) @)

where o7 was calculated as the pooled variance using the
standard deviations or standard errors for the associated
response variable, as reported in the literature (as in Ogle
et al. 2021). The mean, y,, or expected LRR is given by one of
the above pulse response functions, either the Ricker model in
Equation (1), the linear model in Equation (2), or the mixture
model in Equation (3).
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For example, if using the mixture model:
Hi =Y (ti’ypeakmv(i)’ Lpeak 7 bpyuiiy» My Wp(i),v(i)) ®)

where ¢, is the time (since pulse application) associated with re-
cord i, and p(i) and v(i) denote the specific pulse experiment, p,
and response variable, v, associated with i. That is, the parame-
ters (e.g., Ypeaks w) are allowed to vary by pulse experiment, p,
and response variable, v.

In the univariate models, we specified univariate hierarchical
priors for the pulse experiment-level parameters for each re-
sponse variable, centered on study-level parameters, where s(p)
denotes study s associated with pulse experiment p. Since the
time at which the peak occurs should be after the pulse applica-
tion (i.e., £, > 0), we assigned a prior on the log scale such that
for Tpeak = log(tpeak):

Tyeu, ~ Normal<~ Tpeak, 0% ) ®)

peaky,

We also truncated the prior at the maximum observed time since
the pulse application for each pulse experiment so that Loeak is
not estimated to occur after the last measurement, thus helping
to improve mixing, convergence, and interpretation of parame-
ters in the Ricker model. We assigned hierarchical normal priors
to the other pulse experiment-level parameters on their original
scale without any truncation:

2
Y peak,,, ~Normal <~y peaky;,) > aypeakv )
2
b,,~ Normal(~ - b, > 9

2
My~ Normal( Mp)v> O, )

Given that the mixture weight, w, is constrained between 0 and
1, we gave it a hierarchical prior following the beta distribution:

Wy, ~ Beta(ayy v Bypy) ®

The expected, study-level mixture weight is given by:

sy

sy + ﬂs,v

©

Wey =

All study-level and variable-specific parameters were assigned
relatively noninformative, diffuse priors such that ~T .
~Ypeak,,» ~ Dsy» and ~my, were assigned Normal (0,10,000) pri-
ors, where 10,000 is the prior variance, and « , and f were
assigned Uniform(1100) priors. The standard deviations in the
hierarchical priors, o2 , 0y, and oy, , were assigned

Tpeak,,’ Gypeakv
Uniform(0,100) priors.

m,’
The multivariate models followed a very similar structure as
the univariate models, except that the pulse experiment-level
parameters describing the shape of the pulse response (refer
to Equations (6) and (7)) were assigned hierarchical multivar-
iate normal priors to account for potential correlations among
these response parameters. That is, for pulse experiment p,

define 6p as the vector of parameters for multiple (Nv) re-
sponse variables, such that, for Ypeak’ ep:(ypeakm, Vpeak,,
Ypeak, NV). Then, we assigned a multivariate normal hierarchical
prior such that:

0, ~ Normal (~ Os(p)» ) (10)

where ~ 6 is a vector (length Nv) of study-level parameters (e.g.,
containing the ~y,., values), and X is the NvXNv covariance
matrix that describes correlations among the pulse experiment-
level parameters across different response variables. The
covariance matrices were assigned standard, relatively nonin-
formative priors (i.e., Wishart priors for the precision matrices
or inverse covariance matrices). The above multivariate normal
prior was applied to each vector of pulse-experiment-level T earc
Y peak? b, and m parameters (Tpeak was truncated as in the univar-
iate models).

Finally, returning to Equation (4), we note that some stud-
ies (e.g., 10 of 41 studies) did not report standard deviations or
standard errors, resulting in missing values for their associated
pooled variance, 01.2, in Equation (4). Thus, we treated the 61.2 as
a stochastic quantity, similar to LRR in Equation (4), and, fol-
lowing Ogle et al. (2021), we assumed that the corresponding
precision, (cf =1/t,)) followed a gamma distribution:

7, ~ Gamma (ay ), By (11)

We assigned Uniform(0,100) priors to the variable-specific hy-
perparameters, «, and . Thus, when o7 was available (not
missing), the reported value was used in Equation (4); when o}
was missing (not reported), the missing value was imputed by
Equation (11). Note that o, and 8, are informed by the records
for which 67 was available.

2.2.3 | Implementation of Bayesian Models

The univariate Ricker, linear, and mixture models were fit
separately to each pulse response variable (i.e., A, NPP, GPP,
R, Rbg, ET, T, ¥, and g [Table 1]), for a total of 27 model im-
plementations (3 models X 9 variables). We implemented each
model in R (R Core Team 2020) using JAGS (Plummer 2003)
via the “jagsUI” package (Kellner and Meredith 2024). JAGS
employs Markov chain Monte Carlo (MCMC) methods to sam-
ple parameters from the posterior distribution, and we sim-
ulated three MCMC sequences. We used the potential scale
reduction factor, 7 (Gelman and Rubin 1992; Brooks and
Gelman 1998), provided in the jagsUI output, to check for con-
vergence of each parameter; we assumed chains converged if
7 <1.2. Using the converged samples, jagsUI calculated pos-
terior means and central 95% credible intervals (CI) for each
parameter.

For most pulse experiments, the mixture weights, w, ., in the
mixture model were allowed to vary stochastically according
to the hierarchical prior in Equation (8). However, for some
pulse experiments, their parameters exhibited poor mixing
and convergence, likely due to weights approaching values
close to 0 or 1. In these cases, we set the weight, W, to a fixed

70f 15

85U80|7 SUOWILWIOD BAIIER.D 8|qedl[dde 8Ly Aq pausencb ae S9joie YO 8N JO s3I 10} Akeud1 78U UO A8]1M UO (SUOTIPUOO-PUB-SWLBY /W0 A8 | 1M ARIq U UO//:SANY) SUOIIPUOD pue SWie 1 8y} 89S *[5202/80/8T] U0 Akiqi7aulluO A8|IM ‘AISBAIIN BUOZLIY UBYLON AQ £ZE0. GOB/TTTT 0T/I0p/LI00" A3 | 1M Ae.d 1 |puluo//:Sdny Wwolj papeojumod ‘. ‘G20z ‘987ZS9ET



value such that either the Ricker (wp’vz 1) or linear (wp’vzo)
function was only used. We employed a set of rules, based on
convergence/mixing behavior of initial simulations with the
univariate models, to determine how to model each w | for
each pulse experiment, p, and each response variable, v. We
then reran the univariate mixture models to obtain posterior
estimates for all remaining stochastic parameters of interest
(Appendix S1).

Finally, we ran the multivariate mixture models, using the rules
for modeling the weights (stochastic or fixed at 0 or 1) based on
the univariate models. We implemented two different multivar-
iate models based on groups of variables that showed notable
overlap across pulse experiments. That is, many pulse experi-
ments simultaneously measured ecosystem-level fluxes (e.g.,
ET, NPP, GPP, and R, ) or leaf-level responses (e.g., A ., T, ¥,
and g). Ry, was rarely measured with one or more of the other
responses, and very few pulse experiments produced data on
both ecosystem-level fluxes and leaf-level responses. Thus, we
implemented two multivariate models, one for the ecosystem-
level fluxes (Nv=4) and one for the leaf-level responses (Nv=4).
We then ran the multivariate mixture models to obtain posterior
estimates for all remaining stochastic parameters of interest,
and we focus on the results from these models for subsequent
inference and post-analysis (refer to the next section).

3 | Evaluating Bayesian Model Results
3.1 | Determination of Pulse Response Type

We used the posterior estimates for the pulse experiment-level
mixture weight, w ., obtained from the final mixture model
fits—univariate model for Ry, and the multivariate models for
all other response variables—to qualitatively define the pulse re-
sponse shape for each pulse experiment and each response vari-
able. We identified four “categories” that best describe possible
shapes of the pulse response (Figure 2). If the 2.5th percentile
(lower CI value) for w,, was above 0.5 (i.e., the response is more
Ricker-like), we assigned the classic pulse response shape desig-
nation. If the 95% CI for Wy overlapped 0.5 (i.e., the response is
between Ricker and linear), we assigned the intermediate pulse
response shape. If the 97.5th percentile (upper CI value) for W,
was below 0.5 (i.e., the response is more linear) and the 95%
CI for the slope, m . did not overlap 0, we assigned the linear
pulse response shape. If the 97.5th percentile for w,, was below
0.5 (i.e., the response is more linear) and m,, was not signifi-
cant (95% CI overlapped 0), we assigned the no pulse response
designation.

3.2 | Post-Analysis and Explanation of Covariates

We answered our three main questions by conducting a post-
analysis using the posterior parameter estimates from our final
Bayesian models and the assigned pulse response type catego-
ries (Figure 2). Our post-analysis consisted of four generalized
linear model (GLM) analyses (refer to Table 1 for covariates). We
chose to use GLMs for all post-analyses for flexibility and consis-
tency, as we could easily change the distribution depending on

the focal dependent variable. Our covariates included response
group (i.e., carbon- or water-related response variable), spatial
scale (i.e., leaf, individual, or plot/footprint; Table 1), MAT
(mean annual temperature), MAP (mean annual precipitation),
pulse type (i.e., natural or experimentally applied), and pulse
amount. We also included an interaction of pulse amount X vari-
able group to better understand how changes in pulse amount
could uniquely affect carbon- and water-related responses. Note
that although we group pulse response variables into carbon-
or water-related groupings in the post-analysis, the original
Bayesian models did not impose these groups and were applied
to all nine response variables (i.e., ET, T, ¥, and g, A_,, NPP,
GPP, R, Ry Table 1). Although these response groups are a
simplification and include responses that are biologically very
different, grouping pulse response variables into carbon- and
water-related groups in the post-analysis can lend insight into
how different components of the coupled carbon-water cycles
may be impacted by changes in future precipitation regimes.

To address our first question (Q1)—When do precipitation pulses
lead to a classic pulse response?—we used a GLM to model a
binary dependent variable, where “classic”, “intermediate”, and
“linear” pulse response indicated a response to the pulse and
“did not respond to the pulse” was no response to the pulse. Pulse
response (yes/no) was thus modeled as a function of the covari-
ates: spatial scale (leaf, individual, plot/footprint), MAP, MAT,
pulse amount, and response group (water- or carbon-related).
We also included interactions between pulse amount X response
group, MAP X response group, and MAP X MAT.

To address Q2—When a pulse response occurs, what drives its
timing, magnitude, and speed?—We used the posterior means
for the pulse experiment-level Y peak 35 the dependent variable in
a GLM to determine what drives the magnitude of the pulse re-
sponse. We only considered absolute magnitude so that the di-
rection of each response was aligned (e.g., traditionally, a more
negative W corresponds to a more hydrated xylem, but here we
took the absolute value so it would be comparable with pulse re-
sponses such as ET). We conducted a separate GLM for toeak 1O
determine what drives the timing of the pulse response. To deter-
mine what drives the speed of the peak response, we used the pos-
terior mean of the slope, m, as the dependent variable in a third
GLM. For all three GLMs, we used a Gaussian distribution for the
Ypeake Epeak? and m “response” values. For the first two GLMs for
Y peak and Loeaks WE only focused on pulse experiments that were
classified as showing a classic or intermediate pulse response; for
the third GLM for m, we focused on pulse experiments classified
as showing a linear or intermediate pulse response.

To address Q3—When a pulse response occurs, how does site
aridity affect the pulse response?—we included two interac-
tive effects in all GLMs: MAPXMAT and MAP X response
group to evaluate how the pulse response behavior differs
across ecosystems varying in their aridity (as captured by dif-
ferences in MAP and MAT), and how the responses of car-
bon- versus water-related variables might be modulated by
general ecosystem moisture status (MAP). To help interpret
these interaction effects, we used the R package “interactions”
(Long 2021) to generate interaction plots. Site MAT and MAP
were uncorrelated (r=—0.002) across the studies we extracted
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data from, and we were thus able to make inferences about
the potential independent and interactive effects of site-level
MAP and MAP.

4 | Results
4.1 | Bayesian Mixture Model Results

Based on the assessment of the mixture weights, L and lin-
ear slopes, m produced by the Bayesian mixture models, most
(308) pulse responses were classified as classic, while 14 were
classified as intermediate, and 120 as linear. The remaining 145
cases were identified as lacking a pulse response altogether (lin-
ear with a non-significant slope; Figure 4 and Figure S1).

Across all weights associated with each pulse response, 241 pulse
experiment-level mixture weights aligned with a Ricker-type re-
sponse (wp,vz 1; i.e., 100% Ricker), 265 with a linear response
(pr:o; i.e., 100% linear), and 81 were treated as stochastic
with the potential to be a mixture of a Ricker- and linear-type
response (0<wp’v< 1). Note that although many weights were
determined stochastically, we still used the posterior means and
CIs for the stochastic weights to group each pulse response as
either classic, intermediate, or linear.

4.2 | Q1: When Do Precipitation Pulses Lead to a
Classic Pulse Response?

Classic pulse responses accounted for more than half of the total
responses. Among all pulse experiments, hump-shaped pulse
responses were dominant for 245 of 398 (62%) carbon-related
responses, but only 59 of 189 (31%) water-related responses.
Classic pulse responses for carbon-related variables were most
common at the plot/footprint level, while for water-related

responses, classic responses were most common at the leaf level
(Figure S1). GLM analyses showed that the likelihood of a pulse
response occurring (or not occurring) was essentially indepen-
dent of scale (p>0.05; Figure 5).

4.3 | Q2: When a Pulse Response Occurs, What
Drives Its Timing, Magnitude, or Speed?

Broadly, pulse responses were slower at larger spatial scales and
in hotter sites, though MAP and MAT also interacted to affect the
speed of the response (Figure 6). Among the 322 classic or inter-
mediate pulse responses, responses at large spatial scales (plot/
footprint level) were faster and of smaller magnitude compared
to leaf-level responses (p <0.05; Figure 5). Water-related pulse
responses were more likely to have a smaller magnitude peak
(p<0.05; Figure 5, negative effect of water-related responses on
the magnitude of the peak). Hotter sites were associated with
larger magnitude responses (p <0.05; Figure 5, positive effect of
MAT on the magnitude of the peak). Among the 134 linear and
intermediate pulse responses, wetter sites had faster response
times (p <0.05; Figure 5, positive effects of MAP on the slope
of the linear component of the response). Interestingly, larger
water inputs had a significant, positive interaction with wa-
ter- and carbon-related pulse responses (p <0.05; Figures 5 and
6, interaction between pulse amount and water- and carbon-
related responses had a negative effect on the magnitude of
the peak and linear speed), but pulse amount alone did not
affect the magnitude or speed of the pulse response (p>0.05;
Figure 5). The effect of pulse amount on the magnitude of the
peak response varied among response-type groups, such that for
water-related response variables, the magnitude of the peak was
greater following large precipitation pulses relative to carbon-
related responses (Figure 6A). Figure S2 shows the distribution
of posterior means for £ ., ¥,y and m (linear slope) for all
pulse responses.
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FIGURE4 | Number of pulse events (pulse experiments) extracted from the literature for (A) carbon-related and (B) water-related response vari-
ables that align with a classic, hump-shaped (Ricker-type; dark purple), intermediate (mixture of classic and linear; light purple), or linear (light

green) pulse response, or that did not exhibit a pulse response (dark green). The carbon-related responses include net primary productivity (NPP),

gross primary productivity (GPP), leaf-level net photosynthesis (A, ), ecosystem respiration (R,..), and belowground respiration (Rbg); the water-

related responses include evapotranspiration (ET), transpiration (T), stomatal conductance (g ), and plant water potential (¥).
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evaluated with respect to a reference level (i.e., leaf-level carbon-related responses).

4.4 | Q3:When a Pulse Response Occurs, How
Does Site Aridity Affect the Pulse Response?

Relative to carbon-related variables, the responses of water-
related variables to precipitation pulses were of larger mag-
nitude at wetter sites and of smaller magnitude at drier
sites (Figure 6B). We use MAPXMAT as a general index of
aridity; this interaction was significant for the timing of the
peak response (cold sites had faster times to peak relative to
hot sites, but only at high levels of MAP; p <0.05; Figure 5).
Alone, higher MAT aligned with larger pulse responses, but
there were no statistically significant main effects of MAP on
the magnitude of the peak response (Figure 5). However, the
MAP xresponse group interaction was significantly positive
(p<0.05) for the magnitude of the peak (ypeak; Figure 5). In
particular, Ypeak of water-related pulse responses increased
with increasing MAP, while Ypeak for carbon-related responses
decreased with MAP (Figure 6B). Water- and carbon-related
response variables also exhibit divergent relationships be-
tween the magnitude of their peak response (ypeak) and pulse
amount, with y ., for water-related variables being strongly
positively correlated with pulse amount, whereas Vpeak for
carbon-related variables is only slightly positively correlated
with pulse amount across the range of pulse amounts explored
in this study (Figure 6A).

5 | Discussion

The results from our synthesis indicate that future intensifica-
tion of precipitation pulse regimes is likely to uniquely affect
carbon- and water-related responses across different ecosystem
types and at different spatial scales. Our results show that clas-
sic (e.g., hump-shaped) pulse responses are not ubiquitous, even
within arid and semiarid systems where classic pulse responses
are expected to be most common. When notable pulse responses
did occur, their timing and the magnitude of the peak response
varied among carbon- and water-related response variables,
which was further mediated by site characteristics and precip-
itation pulse amount. Below, we explore the implications of our
results in the context of our three research questions.

5.1 | Q1: When Do Precipitation Pulses Lead to a
Classic Pulse Response?

Previous studies have found that pulse responses are more eas-
ily observed in places with low MAP (Feldman et al. 2021), but
are also present at sites with higher MAP, though less reflec-
tive of classical pulse dynamics. We found that pulse responses
exist regardless of site MAP and MAT. Few studies have ex-
plored pulse dynamics in mesic ecosystems, likely due to the

10 of 15

Global Change Biology, 2025

85U80|7 SUOWILWIOD BAIIER.D 8|qedl[dde 8Ly Aq pausencb ae S9joie YO 8N JO s3I 10} Akeud1 78U UO A8]1M UO (SUOTIPUOO-PUB-SWLBY /W0 A8 | 1M ARIq U UO//:SANY) SUOIIPUOD pue SWie 1 8y} 89S *[5202/80/8T] U0 Akiqi7aulluO A8|IM ‘AISBAIIN BUOZLIY UBYLON AQ £ZE0. GOB/TTTT 0T/I0p/LI00" A3 | 1M Ae.d 1 |puluo//:Sdny Wwolj papeojumod ‘. ‘G20z ‘987ZS9ET



(A) (B) 2 (©
X L4 >
& 601 P @© 161
aQ & 30+ o
Y— Y X
B 40+ | S 20+ 7|8
° 7 © 101 Lo Q
3 20+ S = — —
= - = ] - o
c - € o o)
g 01-7 & -101 £
s v v v - S v v S , v
0 100 200 300 500 1000 = 500 1000
Pulse amount (mm) MAP (mm) MAP (mm)
(D) — Carbon-related = Water-related ~ MAT =— +1SD = Mean -18D
Water Carbon |Water Carbon Peak magnitude shift
/\ /‘\ /_\ under future
Wet | Wet+cold: Carbon responses| precipitation
are smaller than water Wet+hot: Carbon intensification:
responses. All responses are] responses are smaller than
faster than in hot conditions, | water responses. All Water
o but slower than in dry responses are slower than responses will
< conditions. in dry conditions.
= — be larger
Water Carbon | Water Carbon
/\ N Carbon
Dry+hot: Water responses responses will
Dry Dry+cold: Water responses | are smaller than carbon be smaller
are smaller than carbon responses. All responses
responses. All responses are slower than in colder
are faster than in wetter or I conditions, but faster than
hotter conditions. in wet conditions .

Cold
MAT

Hot
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respect to the timing (tpeak) and the magnitude (ypeak) of the peak pulse response. Interaction plots show that carbon- and water-related variables

exhibit different relationships between (A) Ypeak and pulse amount, with carbon-related variables responding more strongly to small pulses relative

to water-related pulse responses, but relatively less to large pulses and (B) y,,, and MAP, with carbon-related variables responding more strongly

than water-related pulses in more arid (lower MAP) sites, but water-related responses responding more strongly than carbon-related responses in
wetter sites. Across all response variables, interaction plots also show that (C) the relationship between Loeak and MAP depends on MAT such that the
timing of the peak response is more greatly delayed by MAP at hotter sites (higher MAT; thick blue lines) compared to cooler sites (lower MAT; light
dashed blue). Shaded regions in (A)-(C) give the 95% CI interval. (D) Conceptual figure summarizing the interactions shown in (A)-(C) across the
MAP-MAT plane for both carbon- and water-related responses; arrows to the right show the direction of potential future shifts in peak magnitude

under each scenario if precipitation regimes become more intense.

difficulty in identifying such pulse dynamics or the expectation
that they do not exist, despite evidence to the contrary (Feldman
et al. 2021, 2024). Our synthesis indicates that it is valuable to
understand pulse dynamics in less arid ecosystems, where dry-
down periods are less pronounced and pulse experiments are
less common, as precipitation pulses are also leading to substan-
tial carbon- and water-related responses in these wetter systems.

Our results also indicate that the classic, hump-shaped pulse
response (e.g., Noy-Meir 1973; Ogle and Reynolds 2004) is
not ubiquitous. While this response shape is relatively com-
mon for soil respiration (Rbg; Figure 4A) and transpiration (T;
Figure 4B), linear or muted hump-shaped (mixture of linear and
Ricker) responses are also common across a wide array of plant
and ecosystem response variables (Figure 4). The presence of
some linear pulse responses could be the result of a short ob-
servation period, as it is possible that the response could have
returned to near pre-pulse values if it was observed for a longer
period (Vicca et al. 2012). On the other hand, if the affected or-
ganisms adjusted their physiology (acclimated) in response to

a precipitation pulse (Niu et al. 2005; Schénbeck et al. 2022),
we might expect that their associated response metric (e.g.,
A & R,.,) wWould not return to pre-pulse levels; thus, a lin-
ear or intermediate-shaped pulse response would be more likely
in such cases. Regardless, our study shows that allowing for a
wider range of pulse response shapes can better characterize
pulse dynamics across a diversity of ecosystem types.

Importantly, we also found that precipitation pulse responses
depend on spatial scale. We found that pulse responses were
faster and had smaller peak magnitudes at large spatial scales,
possibly because measurements at larger scales represent the
aggregation of multiple processes. For example, ecosystem- or
plot-scale net ecosystem exchange (NEE) is the result of leaf-
and canopy-level photosynthesis and respiration, above- and
belowground plant respiration, and belowground heterotro-
phic respiration, and each of these components may respond
differently (Baldocchi et al. 2006; Williams et al. 2009) to a
precipitation pulse, making the net response of NEE muted (or
potentially exaggerated).
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5.2 | Q2:When a Pulse Response Occurs, What
Drives Its Timing, Magnitude, and Speed?

We expected that the pulse amount might partly govern the
characteristics of the pulse response (e.g., Sponseller 2007;
Heisler-White et al. 2008; Feldman et al. 2024). Although
pulse amount did significantly interact with pulse response
type, pulse amount was of little importance alone for the peak
magnitude of the pulse response. This could be because the
pulse responses are also being controlled by factors not cap-
tured here, such as phenology (Emmerich 2003). This would
be consistent with past studies that found that rain-use effi-
ciency converges on a maximum response (Huxman, Smith,
et al. 2004) and that the relationship between primary produc-
tion and precipitation amount is highly variable (le Houérou
et al. 1988). Conversely, it is possible that response magni-
tude is strongly affected by situational environmental condi-
tions not captured here, such as rainfall frequency (Manzoni
et al. 2013; Holtzman et al. 2024) and antecedent moisture
conditions, which may be more important than pulse amount
for the magnitude of the pulse response (Chou et al. 2008;
Cable et al. 2013; Barron-Gafford et al. 2014). At least in the
case of dryland ecosystems that are likely adapted to infre-
quent, small precipitation events (Sala and Lauenroth 1982;
Huxman, Smith, et al. 2004), it could be that a maximum re-
sponse threshold is reached quickly, even in the case of small
moisture pulse events. Unfortunately, we could not explicitly
evaluate the role of precipitation frequency as this informa-
tion was not frequently reported in the literature from which
we extracted pulse response data (e.g., Vicca et al. 2012).

Regardless, small pulse amounts seem to stimulate larger re-
sponses of carbon-related compared to water-related response
variables, but larger pulse amounts stimulate smaller re-
sponses of carbon-related compared to water-related response
variables. This may mean carbon- and water-related responses
could become more decoupled under less frequent but more
intense precipitation regimes. However, this is dependent on
ecosystem type, the extent to which precipitation pulse dy-
namics intensify, and the degree to which these changes shift
carbon- and water-related responses. In particular, the timing
and magnitude of the pulse response may vary across ecosys-
tems differing in aridity and across different scales within
an ecosystem (e.g., Figure 5, and Q3 below). For example, in
drylands, where pulse responses peak faster after a precipi-
tation pulse compared to more mesic environments, larger
pulse amounts will likely more closely align the magnitude of
water- and carbon-related responses. If pulse amounts exceed
~50mm (Figure 6A) in drier ecosystems, carbon-related re-
sponses may have lower magnitude peaks than water-related
responses. In wetter ecosystems, water-related responses
already have larger peak magnitudes compared to carbon-
related responses, so any increase in precipitation pulse
amount would further decouple the timing of carbon- and
water-related responses (Figure 6D).

Spatial scale also affected the speed of the pulse responses, since
pulse responses were faster at larger spatial scales. This can
be explained by the mixture of plant and soil processes when
whole ecosystems are measured. For example, we might expect

ET responses to occur more quickly than g  responses, because
the physical process of evaporation—a component of ET—does
not require biological upregulation to occur, as might occur for
stomatal behavior.

5.3 | Q3:When a Pulse Response Occurs, How
Does Site Aridity Affect the Pulse Response?

Plant and ecosystem responses to precipitation pulses clearly
vary in relation to indices of aridity, and the relationship with
aridity (e.g., MAP) differs between water- or carbon-related re-
sponse variables. The pulse response behavior of water-related
variables is more strongly influenced by aridity gradients com-
pared to carbon-related responses (Figure 6B). At energy-limited
sites that experience little water limitation (higher MAP), we
could expect pulse responses to be longer and flatter since soil
moisture would take longer to (and may never fully) deplete. We
found this to be clearer for water-related responses compared to
carbon-related responses at wet sites. At wet sites, carbon-related
soil and ecosystem variables have slower responses to precipita-
tion pulses than in dry conditions, perhaps due to soil microbial
activity responding over longer periods (Matteucci et al. 2015),
which would be magnified in wetter sites (higher MAP) that
support higher microbial biomass (Collins et al. 2008; Evans
et al. 2022). Moreover, we could expect plants in wetter sites
to be less adapted to periods of water limitation, and energy-
limited plants may have less capacity to quickly and efficiently
respond to individual moisture inputs because their root zones
are typically deeper (Scanlon and Goldsmith 1997; Seyfried
et al. 2005), resulting in comparatively reduced access to imme-
diate precipitation inputs. At the same time, pulse responses of
energy-limited plants may have a more consistent signal over
time as long as soil moisture is sufficiently available, which
may be related to greater groundwater supply in mesic areas
(Fan 2015; Fan et al. 2017; Feldman et al. 2024). Additionally,
at sites with high MAP, soil-atmosphere water potential and
vapor pressure gradients are generally weaker compared to
more arid sites (Milly 1984; Saito et al. 2006), so any increase
in soil moisture availability (e.g., due to a rain event) would
likely lead to a less pronounced response in more mesic ecosys-
tems. At water-limited sites, carbon-related variables showed
higher magnitude responses to precipitation pulses compared
to water-related responses, likely because the plant-governed
water-related responses in drier ecosystems require an activa-
tion period (Kramer 1938; Gardner 1991; Collins et al. 2008). For
example, following an extended dry period, precipitation events
may trigger shallow root growth or foster tissue growth before a
plant is able to fully capitalize on a precipitation event (Sala and
Lauenroth 1982; Yan et al. 2000).

In general, drier sites were more likely to support fast pulse re-
sponses, and hot sites (regardless of average MAP) were more
likely to exhibit greater magnitude (larger peaks) pulse re-
sponses. That is, site MAT and MAP appear to control the speed
of a pulse response, but site MAT alone controls pulse response
magnitude. The effects of MAP are also distinct between car-
bon- and water-related responses, and we could expect a range
of distinct pulse response times under different combinations of
MAP and MAT (Figure 6C,D).
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6 | Methodological Advantages

Evaluating classic, hump-shaped pulse responses, as described
in the pulse-reserve paradigm, is often the focus in studies
aimed at understanding the effects of precipitation frequency
and amount on plant and ecosystem behavior (e.g., Huxman,
Snyder, et al. 2004; Ogle and Reynolds 2004; Schwinning and
Sala 2004). However, linear and intermediate pulse response
behaviors reflect different types of responses, which also ag-
gregate to affect regional and global carbon and water cycles,
and are still subject to change under varying precipitation re-
gimes. Understanding whether or not a water pulse stimulates a
response, and the “shape” of that response, is important to con-
sider when comparing ecosystem functioning under different
precipitation regimes across environmental gradients.

7 | Conclusion

Individual precipitation pulse events are foundational to under-
standing precipitation and drought impacts at longer timescales.
From a meta-analysis of 587 pulse experiments conducted across
41 studies, we find that classical, hump-shaped pulse responses
are the most commonly reported response shape, but other re-
sponse shapes occur regularly and have different environmental
impacts and may arise due to different mechanisms. The timing
and magnitude of the peak response are interactively controlled
by MAP, MAT, and whether a response is carbon- or water-
related, such that water-related pulse responses are smaller and
faster than carbon-related pulse responses at dry sites compared
to wet sites. This framework for describing the controls on pulse
dynamics can help anticipate the impacts of increased precipita-
tion variability under climate change.
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