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INTRODUCTION

Tree growth is fundamental to the structure and func-
tioning of forested ecosystems, contributing to large ter-
restrial carbon storage (Bonan, 2008; Ellison et al., 2005). 
But climate change is impacting tree growth across the 
globe, bringing increased temperatures, vapour pressure 
deficits and soil moisture stress (Williams et al.,  2013). 
This has led to longer, more extreme and more frequent 
droughts, particularly in the western USA (Williams 
et al., 2020). Major regional droughts occurring after the 
year 2000 spurred intense research into tree mortality 
(Breshears et al., 2005; McDowell et al., 2008), the mecha-
nisms of which are still being refined (Adams et al., 2017). 
However, non- lethal impacts of climate warming on tree 
physiological processes may significantly impact the for-
est carbon cycle, namely via altered tree growth rates.

Increased drought stress may impact tree growth 
in numerous ways, but a key emerging framework— 
“drought legacies,” or slow recovery of tree growth fol-
lowing drought— shows these impacts to be long- lasting 
and widespread (Kannenberg et al.,  2020). Drought 

legacies also have important consequences for terrestrial 
carbon fluxes (Schwalm et al., 2017), which are not well 
captured by dynamic global vegetation models (Kolus 
et al., 2019). A question raised by recent syntheses is: how 
will increased drought frequency further impact tree 
growth, such as when repeat drought interrupts drought 
recovery (Schwalm et al., 2017)? This question has only 
been partly addressed by comparing tree growth re-
sponses to different numbers of short- return- interval 
droughts (Anderegg et al.,  2020; Peltier & Ogle,  2019b; 
Serra- Maluquer et al., 2021).

Tree- ring syntheses suggest tree growth responses 
across most forests reflect greater recent moisture lim-
itation (Babst et al., 2019), and there is limited evidence 
trees are becoming more sensitive (Keen et al., 2021) and 
less resilient to drought (e.g. Bose et al.,  2020; Serra- 
Maluquer et al., 2018). However, because trees are long- 
lived organisms, tree growth is complex, exhibiting 
lagged responses to numerous climate variables (Bose 
et al., 2021), which are not well- captured by simple cor-
relational approaches (Ogle et al., 2015). Trees integrate 
climate conditions across multiple years and seasons 
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Abstract

Trees are long- lived organisms, exhibiting temporally complex growth arising 
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memory across the entire range of a widespread western US conifer: growth is 
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with relatively longer precipitation memory and shorter temperature memory 

had significantly lower recent mortality rates (R2 = 0.61). We argue that increased 

drought frequency has altered climate memory, demonstrate how non- stationarity 

may arise from failure to account for memory, and suggest memory length may be 

predictive of future tree mortality.

K E Y W O R D S
climate change, drought legacy, mortality, recovery, resilience

www.wileyonlinelibrary.com/journal/ele
mailto:
https://orcid.org/0000-0003-3271-9055
https://orcid.org/0000-0001-6551-3331
https://orcid.org/0000-0002-9566-9182
https://orcid.org/0000-0002-0652-8397
mailto:dmp334@nau.edu


2 |   ALTERED CLIMATE MEMORY

through a poorly understood combination of interact-
ing processes including carbon allocation to different 
organs, carbohydrate storage across multiple years, and 
hydraulic function and/or damage. We quantify this 
temporal integration through the concept of “climatic 
memory” of tree growth (Peltier et al., 2018). These com-
plex temporal dynamics are being considered in terres-
trial vegetation models (Guillemot et al., 2017). Temporal 
lags in growth, however, can sometimes be years longer 
than considered in models (e.g. Becker, 1989) and the im-
pact of more frequent drought stress on climate memory 
is unclear. For example, how will the length of climate 
memory change as “normal” precipitation years become 
less frequent? Will trees tend to rely on precipitation de-
livered further in the past?

To quantify the impact of climate change on the cli-
matic memory of tree growth, we leverage all two- needle 
piñon (Pinus edulis) tree- ring width observations in 
the International Tree Ring Data Bank (“ITRDB net-
work”). P. edulis is a widespread, dominant western 
tree species (West, 1999) well- represented in the ITRDB 
(Figure 1). We applied a modified version of the stochas-
tic antecedent model (Peltier et al., 2018) to these data. 
Within this modelling framework, the data are used to 
infer temporally weighted averages of antecedent pre-
cipitation and temperature, and drought conditions that 
reflect lagged conditions driving tree growth; includ-
ing a temperature by precipitation interaction captured 
by the self- calibrating Palmer Drought Severity Index 
(Peltier & Ogle,  2019b). In a novel approach, we allow 
the weights to change linearly with time across the 115- 
year record (1899– 2013). We hypothesise (H1) drought is 
a major driver of shifts in climate memory, and we tested 
how the response to and recovery from severe drought 

has changed over the past century. We also hypothesise 
(H2) variation in memory length will be associated with 
mortality risk, and we assessed the mortality rates from 
nearby Forest Inventory and Analysis (FIA) plots. In 
line with growing recognition of the non- stationarity of 
tree growth to climate drivers (Anchukaitis et al., 2006; 
D'Arrigo et al.,  2008; Peltier & Ogle,  2020; Wilmking 
et al.,  2020), we demonstrate the temporal coherence 
between tree growth and climate is changing. Finally, 
we conduct a simple analysis demonstrating that non- 
stationarity may emerge from failure to account for long 
climate memory.

M ETHODS

Data sources and preparation

All Pinus edulis Engelm. (piñon) ring widths from the 
ITRDB (~250,000) were downloaded in late 2019 encom-
passing the entire range of this species (Utah, Arizona, 
Colorado, and New Mexico). Briefly, the raw ring widths 
were detrended for age effects via the R package dplR 
(Bunn, 2008). As in past studies (Peltier & Ogle, 2019a), 
detrending was accomplished by dividing ring widths 
by a fitted curve— either modified negative exponential 
curves or, when this failed, flat lines— to remove age ef-
fects (and adjust the core- level mean to be equal to 1), 
producing ring- width indices (RWI). Alternative de-
trending approaches (e.g., splines) could have influenced 
our results, but the goal of this detrending was to pre-
serve ecological variation, as well as low- frequency sig-
nals that may be related to climate change. Subsequently, 
we constructed site “growth” chronologies as the average 

F I G U R E  1  Tree- ring networks (left) and key concepts of the analytical framework illustrated for the effects of precipitation (right). We 
assessed shifts in climate memory in two tree- ring networks to address the hypotheses that (H1) drought has altered climate memory and (H2) 
memory is related to mortality risk in Pinus edulis. Model framework is simplified; see full description in Equations (1)– (3). Inset MAP: The 
range of Pinus edulis (dark grey shading) along with sites in the ITRDB network (orange circles, jittered) and a second ecologically sampled 
tree- ring network (white triangles) along with summer precipitation (Jul- Sep proportion of MAP, blue shading). Symbol size indicates 
chronology length, where the shortest ITRDB records end in the 1960s and the longest extend through 2013 (all but one chronology goes back to 
1899). All records from the ecologically sampled network extend through 2016, with the shortest beginning in 1930. More details on chronology 
length are provided in Figure S1. Because we only estimate shifts in memory at the species- level, to address H2, we assess how spatial variation 
in memory quantified in a different study using the same data (Peltier et al., 2021) is related to mortality in the most recent survey at nearby 
Forest inventory and analysis (FIA) plots.
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of all RWI values (i.e., across cores) in a given year, pro-
ducing 109 age- detrended chronologies containing a 
total of 8714 annual ring- width indices. The period cov-
ered by this dataset is 1899– 2013 (115 years); 11 chronolo-
gies include records after 2002.

To address differences in sample depth across time 
and concerns about over- representation of “sensitive” 
trees in the ITRDB (Klesse et al., 2018; Nehrbass- Ahles 
et al., 2014), we repeated our analysis (see Model descrip-
tion) with an “ecologically sampled” network of 11 piñon 
sites across the southwestern US (Peltier et al.,  2021). 
Briefly, we sampled dominant and co- dominant trees of 
varying sizes and ages at 11 sites in Arizona, New Mexico, 
Colorado and Utah. Sites were co- located adjacent to 
FIA (Bechtold & Patterson, 2005) plots (themselves ran-
domly located) to represent a range of landscape and 
topographical positions. Tree rings from FIA plots have 
been shown to be less sensitive to climate than ITRDB 
datasets (Klesse et al., 2018). Eight of the 11 sites include 
records before 1899; all include records from 1938– 2016.

Monthly precipitation and mean monthly tempera-
ture (0.5° resolution) were obtained from the PRISM 
Climate Group (http://prism.orego nstate.edu, 2019). 
Self- calibrating Palmer drought severity index (hereaf-
ter, “PDSI,” 0.5° resolution) was obtained from the West 
Wide Drought Tracker (Abatzoglou et al., 2017). These 
datasets were downloaded subsequent to October 2019 
updates to the PRISM dataset that addressed temporal 
inconsistency of temperature datasets.

Model description

Our application of the SAM model to tree growth chro-
nologies was modified by Peltier et al. (2018). As in that 
study, annual growth— chronology- level annual ring- 
width index (RWI)— is modelled as a linear response 
to antecedent climate variables. As in previous applica-
tions, this is essentially a linear mixed effects approach, 
where the antecedent climate variables are constructed 
from weighted averages of monthly climate across the 
current and preceding 4 years (i.e., up to 4 years prior to 
the year of ring formation). The unknown “antecedent 
importance weights” are parameters estimated from the 
data, allowing for inference on climatic memory (Ogle 
et al., 2015).

Uniquely here, we allow antecedent weights to change 
linearly with time (year) across the 115- year record 
(1900– 2013). This allows assessment of how memory, as 
determined from the weights, has changed during the 
last century. Because we are investigating changes in the 
temporal signature (memory) of tree ring width response 
to climate, rather than the magnitude of that response 
(sensitivity), changes in mean climate conditions across 
the record are unlikely to bias our results.

We assumed age- detrended RWI was normally dis-
tributed with mean, μy,c, in year y for site c:

the α's (considered temporally constant) include an inter-
cept (base- line RWI under average climate conditions) and 
the main effects of three antecedent climate covariates— 
precipitation (Pant), temperature (Tant) and PDSI (Dant)— 
and a previous year RWI term (RWIy- 1,c), analogous 
to an AR(1) effect. PDSI represents an interaction be-
tween precipitation and (negative) temperature (Peltier & 
Ogle, 2019a), thus a P ant × T ant interaction was omitted.

The three antecedent climate variables are con-
structed across years y and sites c, where Xy- t,m denotes 
the climate value at month m (m = 1– 12; Jan- Dec), t years 
into the past (t = 0– 4; year of ring formation up to 4 years 
prior) relative to year y. Because we allow the weights to 
vary linearly across the record, in relation to year y (see 
below), we denote the antecedent importance weights as 
wt,m,y. Thus, the antecedent climate variables, Xant

y,c
, are 

calculated as:

Equation (2) is applied to each site- specific climate vari-
able (where X ant = P ant, T ant or Dant, for precipitation, tem-
perature or PDSI); each climate variable gets its own set of 
weights, w.

Rather than estimating an independent set of im-
portance weights, wt,m,y, for each year, y, of the record, 
which would result in a heavily parameterized model, 
the weights are linearly interpolated between the first 
(y = 1 for year 1899) and last (y = 115 for year 2013) year 
of the record. Thus, we estimate an independent set of 
weights only for the first, wt,m,1, and last year, wt,m,115, 
of the record, while weights in intermediate years (y = 2 
through 114) are interpolated as:

These calculations are performed within the model and 
inform the likelihood of the RWI data. The values of the 
importance weights determine the overall fit of the model 
to the observed RWI data, and thus weights for the first 
and last year will be adjusted to produce intermediate- year 
weights that “best match” the observations. Non- linear in-
terpolation approaches could also be considered in future 
work.

As in Peltier et al.  (2018), we assume the model is 
unable to detect climate importance at the same reso-
lution farther into the past relative to current climate, 
and so we estimate weights of increasingly “coarse” 
time blocks (blocks of months) further into the past 
(see Figure  2 in Peltier et al.,  2018). Monthly weights 
are constrained between zero and one, and they sum 

(1)
μy,c = αc,1 + αc,2P

ant
y,c

+ αc,3T
ant
y,c

+ αc,4D
ant
y,c

+ αc,5RWIy−1,c

(2)Xant
y,c

=

4
∑

t=0

12
∑

m=1

wt,m,yXy−t,m,c

(3)wt,m,y = wt,m,1 +

(

wt,m,115 − wt,m,1
)

114
(y − 1)

http://prism.oregonstate.edu
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to one across lag years t and months m for each year y 
and climate variable v; these constraints enable sepa-
ration of the effects (α terms) and weights. Finally, an-
nual weights, Wt,y, were computed by summing all 12 
monthly weights within each lag year t for a given year 
and climate variable. Note a climate variable's weights 
(e.g., w or W) are meaningless in the absence of a signif-
icant associated effect (αc,2, αc,3 or αc,4 in Equation 1); 
we only interpret weights when associated effects are 
significant.

To understand how memory has changed, memory 
length indices P75, T75 and D75 were defined as the 
number of months prior to the cessation of ring for-
mation at which the cumulative weights exceed 75% 
of the total importance weight for precipitation (P), 
temperature (T) and their interaction (drought index, 
D). By this definition, only 25% of the impact of P, 
T or D on growth is driven by conditions preceding 
P75, T75 or D75 (that is, further into the past). Thus, 
at P75 months into the past, 75% of the effect of pre-
cipitation on growth is achieved. We estimated these 
quantities at the beginning and end of the record, 

including associated uncertainty, within the model-
ling framework (Figure 1).

Prior specification

The model defined in Equations (1)– (3) was implemented 
in a hierarchical Bayesian framework, with normal hi-
erarchical priors for site- level effects (α terms) that vary 
around global means and variances for group of effects. 
Antecedent importance weights for the first and last year 
were assigned Dirichlet priors.

Implementation

The model was implemented using JAGS 4.3.0 
(Plummer  2003) via the R 3.6.3 (R Core Team,  2021) 
package rjags (Plummer,  2013) according to standard 
methodology (3 chains, thinning to obtain ≥3000 rela-
tively independent samples, chains assessed for conver-
gence). See the supplement for full JAGS model code.

F I G U R E  2  Memory of precipitation conditions has lengthened by more than a year in P. edulis, while temperature memory has shortened 
by 8– 16 months. (a) Means ± SD of tree growth memory of precipitation (p75, blues), temperature (T75, reds) and PDSI conditions (D75, greys) 
at the start (1899, light colours) and end (2013, dark colours) of the 115- year ITRDB record. (b) These results are consistent with those found 
for a second, ecologically sampled tree- ring network. P75, T75 and D75 are quantified as the time into the past (in months) at which 75% of the 
cumulative memory of precipitation, temperature or PDSI on growth is achieved (illustrated in Figure 1). “***” indicates significant changes 
(p < 0.001) in memory length between the beginning and end of the record for a given climatic covariate (P, T or D). (c, d) mean (large circles) 
and site- level (small circles) climate effects for (c) the ITRDB network and (d) the ecologically sampled network, where vertical lines denote 95% 
CI (intervals not including zero denote significant effects).
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Analysis of drought recovery

To assess whether the response to severe drought has 
changed during the last century, ring- width indices 
(RWI) during 2002– 2006 were predicted with fitted 
model parameters representing memory at the beginning 
(1899, “historical memory”) and end (2013, “contempo-
rary memory”) of the study record. Thus, we predicted 
RWI using climate data from the years 2002– 2006, using 
two sets of weights (wt,m,y): those from the beginning of 
the record (wt,m,1) reflecting historical climate memory, 
and those from the end of the record (wt,m,115) reflecting 
contemporary memory. The years 2002– 2006 encompass 
the most severe and warmest drought in the instrumental 
record for this region (2002, Breshears et al., 2005), plus 
a 4- year recovery period (average: Anderegg et al., 2015). 
A second major regional drought occurred in 2006, per-
mitting inference on how the response to repeat drought 
may have changed.

Altered sensitivity or altered memory?

We also evaluated if altered climate sensitivity (non- 
stationarity) may emerge from incomplete account-
ing for altered memory. Thus, we monitored two key 
quantities in the model: (1) the antecedent temperature 
covariate (Equation 2), and (2) a “short” antecedent tem-
perature covariate constructed identically to (1) except 
with a shorter integration period (24 months, compared 
to 60 months for (1)). For each of the 109 sites, we then 
regressed tree- growth (RWI) on “long” and “short” tem-
perature covariates during 1899– 1955 (first half) and 
1956– 2013 (second half). All sites have 57 years in the 
first half of the record (total n = 6213), and 31 ± 16 years 
in the second half of the record (total n = 3381). Finally, 
we compared the mean temperature sensitivities (across 
sites) between the two halves of the record with a paired 
t- test under both sets of assumptions about temperature 
memory (“long” vs. “short”).

Mortality risk assessment

Because the 11 P. edulis sites in the ecologically sam-
pled network were collocated adjacent or near to FIA 
census plots, we used the FIA dataset (Gray et al., 2012; 
Woudenberg et al.,  2010), and site- level, temporally 
static memory length estimates (e.g. P75) from Peltier 
et al.  (2021) to assess whether variation in memory 
length across sites was related to local mortality. We 
note assessing variation across sites in the model in 
Equations (1) and (2) would have resulted in an overpa-
rameterized model. We also assessed these relationships 
for P50 and T50 (time into the past at which 50% of P or T 
effect is reached), and P90 and T90 (time into the past at 
which 90% of effect is reached), which have been useful 

in previous work (Peltier et al.,  2021). We selected the 
nearest pinon site in the FIA dataset (Table S1, Venturas 
et al., 2021) with resurvey data and no recent fire (mean 
distance  =  0.06 ± 0.07 degrees, roughly 5– 6  km), and 
compared basal area normalised mortality rate at the 
first re- census to indices of precipitation and tempera-
ture memory length using linear regression in R. Note 
the model described in Equations (1)– (3) only quantifies 
shifts in memory at the species- level (average across all 
sites, Figure 1); a site- level model would be overparam-
eterized. However, this analysis allows us to assess how 
variation in memory may be linked with mortality risk 
(H2).

RESU LTS

Regression of predicted versus observed RWI yielded 
R2 = 0.65 and a slope of 1.02, indicating low bias; model 
RMSE was 0.24.

Altered memory length

Contemporary tree growth shows longer memory of 
precipitation conditions and shorter memory of tem-
perature conditions relative to historical tree growth. 
In the ITRDB network, precipitation memory length 
became on average 15 months longer, with shorter 
memory a century ago (e.g., P75 = 21 months) compared 
to contemporary memory (P75 = 36 months; Figure 2a; 
p < 0.001). In contrast, there was a trend for contem-
porary temperature memory to be about 8 months 
shorter (from T75 = 36 months to 28 months; Figure 2a; 
n.s.), which was 6  months shorter than the 2.5th per-
centile historical temperature memory (32 months). 
PDSI memory (D75) changed little (Figure 2a), indicat-
ing that the interactive effect of precipitation and tem-
perature was relatively stable across the century- long 
record (see also Figure 3c). Trees responded positively 
to precipitation and negatively to temperature, with a 
negative PDSI (interaction) effect (Figure 2b), consist-
ent with Peltier et al. (2018). Consistent with ITRDB re-
sults, changes in memory were similar, or even greater 
in the ecologically sampled network, where P75 became 
13 months longer (p < 0.001) and T75 became 16 months 
shorter (p < 0.001, Figure  2b). Effect signs and mag-
nitudes (Figure 3c) were consistent with previous ap-
plications of similar models to P. edulis in the ITRDB 
(Figure  S2, Peltier & Ogle,  2019a, Peltier et al.,  2018) 
and in the ecological network (Peltier et al., 2021).

Unlike in the ITRDB network, PDSI memory in the 
ecological network became 16 months shorter (p < 0.001, 
Figure 2b). The PDSI effect can be interpreted as an in-
teraction effect describing increased sensitivity to precip-
itation under warm conditions (PDSI product is derived 
from same PRISM dataset, Peltier & Ogle, 2019a). That 
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is, if we interpreted the PDSI effect as simply the effect 
of drought, a negative effect (Figure  3c,d) is nonsensi-
cal, implying higher growth under warm- dry conditions 
(negative PDSI), and this ignores the direct effects of pre-
cipitation and temperature. Thus, consistent with past 
applications, the shift in memory of PDSI indicates in-
creased sensitivity to past precipitation when more re-
cent conditions are warmer— essentially, memory of this 
interactive effect tracks changes in temperature memory 
(Figure 2).

Altered memory pattern

Shifts in the temporal pattern of memory (Figure  3) 
highlight key time periods driving shifts in climate 
memory length. For example, in the ITRDB network, 
longer precipitation memory in contemporary tree 

growth is driven by decreased importance of prior 
year precipitation, coupled with increased importance 
of precipitation falling 3– 4 years prior to the grow-
ing season (Figure 3a). At the monthly resolution, we 
also found reduced importance of previous winter pre-
cipitation, and increased importance of pre- monsoon 
(spring) and fall temperature conditions (Figure  S3). 
Similar but more extreme patterns were observed in 
the ecologically sampled network, where the response 
of contemporary tree growth to precipitation is muted, 
due to a large decrease in importance of current year 
precipitation (Figure  3d). For temperature, in the 
ITRDB network, we find increased importance of 
prior year temperature with decreased importance of 
2 years prior temperature (Figure 3b). In the ecological 
network, we find increased importance of current year 
temperature and reductions in importance of 3 years 
prior temperature (Figure  3e). Increased importance 
of recent PDSI in the ecological network indicates a 
greater importance of moisture during hot periods, 
consistent with the increased importance of recent 
temperature conditions (Figure 3f).

Altered drought recovery

Shifts in memory length, while having no impact on 
drought- year growth, resulted in reduced predicted 
growth rates in the second and third years following 
the 2002 drought for most sites (Figure  4). Predicted 
RWI based on historical (1899) and contemporary 
(2013) tree growth parameters is nearly identical dur-
ing the predicted drought year (Figure 4a,b). However, 
contemporary tree growth at >60% of ITRDB sites 
was predicted to be reduced in the second and third 
years after drought compared to historical tree growth 
(Figure 4c). Contemporary tree growth was also pre-
dicted to be lower (compared to historical tree growth) 
in response to repeat drought (2006 conditions) at 
more than half the ITRDB sites (Figure 4c). Thus, at 
a majority of sites, tree growth with contemporary cli-
mate memory was predicted to be reduced following 
drought events compared to growth with historical 
climate memory, and also result in greater growth re-
ductions during subsequent repeat droughts (2006 was 
another drought event, Figure 4a,c).

Memory length and mortality risk

We also found spatial variation in memory length was 
associated with mortality risk. Mortality rates tended to 
be lower in FIA plots near sites in the ecological network 
with comparatively long precipitation memory and com-
paratively short temperature memory (Figure 5). We em-
phasize this analysis used mean memory lengths across 
the entire record estimated in Peltier et al. (2021) using an 

F I G U R E  3  Significant shifts in annual importance weights 
reflect decreased reliance of contemporary tree growth on recent 
precipitation (left column), and enhanced detriment of more recent 
temperature conditions (middle column). Annual importance 
weights represent the relative importance of climate conditions 
occurring in different years towards the overall response of growth 
to a given climate covariate (note negative temperature effects; 
Figure 2c,d). Weights that significantly changed during the record 
are denoted by filled circles (p < 0.05); shading denotes 95% credible 
intervals. Weights are shown for (a, d) precipitation (Pant), (b, e) 
temperature (Tant) and (c, f) their interaction via PDSI (dant) at the 
beginning (1899, blue lines and symbols with blue shading) and end 
(2013, orange lines and symbols with orange shading) of the tree- 
ring record. Estimates are shown for trees from (a– c) the ITRDB 
network and (d– f) the ecologically sampled network (see Figure 1). 
Importance weights are estimated for 0, 1, 2, 3 and 4 years prior to 
ring formation, where 0 represents the year of ring formation.
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analogous (but temporally static) memory model. For ex-
ample, 31% of the variation in FIA plot mortality was ex-
plained by P50, where mortality declined with increasing 
memory length (p < 0.05, Figure 5a); the relationship with 
P75 was similar. In contrast, there was weak evidence for 
increasing FIA plot mortality rate with increasing T90 
(Figure 5b). A combined model using the best two pre-
dictors (P50, T90) explained 61% of the variation in mor-
tality (all effects significant, p < 0.05). The interaction 
term in this model was negative (p < 0.05), indicating that 
as temperature memory length (T90) becomes shorter, 
the beneficial effect of precipitation memory length (P50) 
on mortality rate becomes weaker.

Altered sensitivity only when memory is ignored

Temperature sensitivity of tree growth was only sig-
nificantly different between time periods (1899– 1955 vs 
1956– 2013) when long memory was ignored (Figure 6). 
In both scenarios, temperature sensitivity had a more 

negative effect on tree growth in the latter half of the 
record (1956– 2013). However, this change was only sig-
nificant when a 24- month “short” temperature lag was 
considered (rather than the 60 months used in the full 
model).

DISCUSSION

Contemporary tree growth in P. edulis shows altered cli-
mate memory in two different tree- ring networks since 
the end of the 19th century. Tree growth sensitivity to 
climate is temporally variable (Peltier & Ogle,  2020; 
Wilmking et al.,  2020), and syntheses show shifts in 
the response of tree growth to climate following dis-
turbance such as severe drought (Anderegg et al., 2015; 
Peltier et al., 2016) or to changes in mean conditions at 
a given site (D'Arrigo et al., 2008). But climatic memory 
of tree growth has also been shown to be temporarily 
altered by more frequent drought (Peltier & Ogle, 2019b). 
This study expands upon these results by showing that 

F I G U R E  4  Reduction of predicted contemporary (2013) tree growth during recovery from drought at a majority of sites suggests drought 
legacies are more severe in contemporary P. edulis. (a) Predicted ring- width index (RWI) during and following the 2002 drought event using 
importance weights representative of historical (blue; parameters in 1899) and contemporary (orange; parameters in 2013) tree growth, based 
on estimates obtained by modelling the ITRDB tree- ring data. Predicted RWI during each year is overlaid with the observed RWI (dark grey). 
Predicted RWI is based on parameters that are informed by all data and chronologies from the ITRDB data, whereas the observed RWI only 
represents chronologies that extended to 2006 (6 of 114). (b) Differences between predictions (contemporary –  Historical) for each year from 
2002– 2006. (c) Percentage of sites with higher (green) or lower (purple) predicted contemporary (2013) tree growth compared to historical (1899) 
tree growth.

F I G U R E  5  Long precipitation memory and short temperature memory are associated with lower mortality in nearby FIA plots. Different 
site- level memory length indices (circles: P50 and T50; squares: P75 and T75; triangles: P90 and T90) for (a) precipitation and (b) temperature are 
shown for plots in the ecological tree- ring network (from Peltier et al., 2021). In (c), combined regression with P50, T90 and their interaction 
explained 61% of the variation in mortality rate (p < 0.05 for all effects, R2 = 0.61).
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climatic memory has undergone directional change in 
the southwestern USA, with 45– 71% longer precipitation 
memory (P75) and 22– 39% shorter temperature memory 
since 1899 (Figure 2). Shifts to longer precipitation and 
shorter temperature memory may reduce mortality risk 
(Figure 5), depending upon the interactions of beneficial 
(e.g., NSC remobilisation) and detrimental (e.g., hydrau-
lic damage) adjustments. As shifts in both precipitation 
and temperature memory length have compelling physi-
ological interpretations (discussed below), these indices 
could potentially be useful metrics to assess future tree 
mortality risk.

Contemporary tree growth exhibits temporal patterns 
in memory that are characteristic of drought. For exam-
ple, previous work has shown multiple conifer species in 
the western USA, including P. edulis, exhibit longer pre-
cipitation memory (e.g. Figure 3a,d) and shorter tempera-
ture memory (e.g. Figure 3b,e) during transient drought 
periods (Peltier & Ogle, 2019b, a). Here, contemporary 
tree growth is less reliant on recent winter precipitation 
(Figure S3), historically a key driver of growth in coni-
fers in the western USA (Peltier et al., 2018) but now less 
reliable due to frequent regional drought. Contemporary 
tree growth is also more negatively impacted by warmer 
conditions during the pre- monsoon and late fall, com-
pared to historical tree growth in the early 1900s 

(Figure S3). Decreased reliance on winter precipitation 
and increased negative impacts of pre- monsoon (Apr- 
Jun) and late fall temperature (Figure S3) are also both 
consistent with how trees respond to antecedent cli-
mate during drought periods in this region (Peltier & 
Ogle, 2019a, 2019b). Finally, increased importance of re-
cent PDSI in the ecological network (Figure 3f) indicates 
a greater importance of moisture during hot periods 
(interactive effect is explained in Peltier & Ogle, 2019a, 
2019b), consistent with the increased importance of re-
cent temperature conditions.

Thus, contemporary tree growth shows a clear “fin-
gerprint” of drought— altered climate memory over the 
last century is a symptom of increasingly arid climate 
conditions (Williams et al., 2013, 2020). Consistent with 
this interpretation, contemporary tree growth at most 
sites is predicted to be lower following single or repeat 
drought (larger drought legacies) compared to histori-
cal tree growth (Figure 4a,c). This might suggest altered 
memory is a symptom of physiological impairment, as 
reduced growth commonly precedes mortality in gym-
nosperms (Cailleret et al.,  2017). However, sites with 
longer precipitation memory and shorter temperature 
memory across the entire record might have a lower 
mortality risk (Figure 5), consistent with previous work 
showing P. edulis trees most sensitive to climate (i.e., 
short memory) may be at higher risk of mortality (Ogle 
et al., 2000), suggesting these memory shifts could confer 
drought resilience. We suggest both of these interpreta-
tions can simultaneously be correct: shifts in memory 
are consistent with expectations from both beneficial 
physiological adjustments (carbon allocation changes) 
and physiological impairment (hydraulic damage). But 
even if these shifts confer short- term resilience, they may 
not be sufficient to prevent mortality under long- term 
increases in drought stress. For example, ongoing re-
gional mortality in species previously considered to be 
extremely drought tolerant (Juniperus spp., Kannenberg 
et al., 2021) suggests the cumulative stress of increased 
drought frequency may yield future surprises.

Of the physiological mechanisms often posited to 
underlie climatic memory— long- term non- structural 
carbohydrate (NSC) storage (Carbone et al.,  2013), 
lasting hydraulic damage (Trugman et al.,  2018), ac-
cess to water resources built up over multiple years 
(Rempe & Dietrich,  2018), or multi- year needle func-
tion (Peltier et al.,  2016)— each would be influenced 
by more frequent drought stress. For example, more 
frequent drought would reduce NSC available to sup-
port subsequent growth, decrease functional sapwood 
area through increased xylem embolism, deplete deep 
soil moisture resources, and damage older, potentially 
hydraulically vulnerable needle cohorts. However, dry 
conditions are increasingly associated with unusually 
warm conditions (Williams et al.,  2013), which would 
tend to compound these impacts through increased 
evaporative demand (Grossiord et al., 2020; McDowell 

F I G U R E  6  Ignoring long climate memory increases apparent 
changes in climate (temperature) sensitivity. We compared site- level 
effects of temperature on tree- ring width during the first and second 
halves of the 115- year record. In (a), we used the 60- month lag period 
applied in this study to produce antecedent climate covariates; 
in (b) we only used the preceding 24 months (2 years). Increased 
contemporary sensitivity to temperature only emerges because 
a 24- month integration period fails to capture the full historical 
temperature response in Figure 3b.
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et al.,  2016). Our results are consistent with these  
hypothesised impacts. For example, longer precipita-
tion memory suggests greater reliance on older NSC 
reserves formed further into the past. Radiocarbon 
measurements of NSC have shown that trees mobi-
lize increasingly older carbon reserves under severe or  
lethal stress (Muhr et al., 2018). Carbon and water sta-
tus are ultimately linked, and high temperature and 
moisture stress would also lead to increased cavitation 
stress (Sevanto et al.,  2014). Shortened temperature  
and/or PDSI memory is consistent with increased neg-
ative impacts of more frequent high- temperature stress 
under low precipitation conditions (e.g., increased 
cavitation events). Reduced canopy moisture supply 
following cavitation would tend to limit tree carbon as-
similation in subsequent years (Trugman et al.,  2018), 
reducing a tree's ability to take advantage of moisture 
pulses. Persistent declines in the amount of available 
soil moisture are also well supported by multi- year 
drawdowns of regional water reservoirs (Udall & 
Overpeck, 2017), comparisons with paleoclimate (Cook 
et al., 2004; Meko et al., 2007), and isotopic water sourc-
ing in Southwest conifers (Szejner et al., 2020).

There are a number of potential explanations for 
altered climate memory, larger drought legacies and 
increased vulnerability to repeat drought in contem-
porary tree growth found here. First, only a subset of 
the chronologies extend through the 2000s droughts 
(Figure  1), indicating the potential for some trees to 
have died during the century long record, and it is not 
known how these trees would have responded to con-
temporary climate. However, because predictions are 
for all sites (not just those with observations extending 
into the 2000s), and because the ecologically sampled 
network showed consistent or more extreme changes in 
memory (all chronologies run through 2016, Figure 1), 
we consider our results robust to time- series length. 
Second, trees impacted by more frequent drought may 
have altered carbon allocation, for example, increased 
allocation to roots or canopy, or decreased respira-
tion under more frequent drought stress (Hagedorn 
et al.,  2016; Kannenberg et al.,  2019). Altered carbon 
allocation may also emerge from drought- induced can-
opy dieback (i.e. Jump et al., 2017), but each of these 
carbon allocation changes might increase or decrease 
tree resilience to future drought. Third, absolute re-
duction of sapwood area due to cavitation would likely 
increase tree vulnerability to future drought events 
(Trugman et al.,  2018). Fourth, changes in NSC dy-
namics, where trees reduce respiration rates and in-
creasingly prioritise storage of NSC, or maintenance 
of older tissues (deeper sapwood) containing old NSC, 
could explain longer drought recoveries and longer 
precipitation memory. Finally, as these tree- ring data-
sets primarily comprise dominant or co- dominant 
trees, ontogeny or changes in tree size could explain 
increased vulnerability to drought in contemporary 

trees (Bennett et al.,  2015). Though older trees are 
likely to be more deeply rooted, older trees are likely 
most severely impacted by hydraulic damage due to 
reliance on narrower, more numerous tree rings to 
support the same relative sapwood area as younger 
trees (Trugman et al.,  2018). We posit that reduction 
in sapwood area (via cavitation), changes in NSC stor-
age and/or reliance on old NSC, and interactions with 
tree size are most plausible. We note these physiolog-
ical mechanisms would tend to be amplified by man-
agement leading to higher density stands (e.g., grazing 
and fire exclusion, Margolis,  2014), effectively reduc-
ing available soil water (Heilman et al.,  2022). There 
may also be unmeasured changes in stand density, per-
haps due to past mortality, that might influence cli-
mate responses.

While tree growth is typically well explained by cur-
rent and previous- year climate, if widespread and fre-
quent droughts persist across the western USA, we may 
expect weaker correlation between tree- ring widths 
and previous- year precipitation at the regional scale. 
While past work has shown loss of correlation between 
variability in tree growth and temperature indices, that 
is, “divergence” (Carrer & Urbinati,  2006; D'Arrigo 
et al., 2008), or increased sensitivity to drought (Keen 
et al., 2021), our results show divergence in the tempo-
ral synchrony between growth and climate may also be 
widespread, likely due to warmer and drier conditions. 
Furthermore, we demonstrate altered sensitivity to cli-
mate conditions may be more evident in models that 
do not account for long climate memory (Figure  6), 
where shifts in importance to more recent tempera-
ture conditions (Figure  2b) manifest as increased 
sensitivity (Figure  6b). While non- stationarity likely 
arises from both changes in sensitivity and memory, 
this highlights that how we conceptualise tree growth 
has implications for our ability to capture responses to 
both transient events (e.g. drought legacies are reduced 
when accounting for memory: Peltier & Ogle,  2019b) 
and long- term climate change (Figure  6). Compared 
to other widespread or economically important USA 
conifers (e.g. P. ponderosa and Pseudotsuga menzie-
sii), P. edulis is relatively adapted to dry conditions. 
Thus, this fingerprint of global climate change on the 
ring widths of trees from a single species across its en-
tire range suggests these effects could be prevalent in 
other, more drought- sensitive western USA tree species 
(Stanke et al., 2021), and perhaps, in coniferous forests 
globally.
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