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Abstract11

Under climate change, will forests grow more or less? The answer differs from place to12

place, obscuring the overall direction. Here we trace it by learning nonlinear climate–tree-13

growth relationships from 4,110 Northern Hemisphere tree-ring chronologies recorded since14

1902, spanning more than 12 million ring-width measurements, and projecting them through15

the twenty-first century under CMIP6 scenarios. Projected growth declines, and gains and16

losses are temporally asymmetric: once losses emerge, they are rarely reversed (90% re-17

tained), whereas gains fade (56% retained). This asymmetry holds in every well-sampled re-18

gion and strengthens under higher forcing. The decline itself is driven by warming and rising19

atmospheric water demand, whose broadly negative contribution outweighs precipitation-20

driven gains. Across the Northern Hemisphere, growth does not just move between gains21

and losses; it is drawn steadily downward.22

Forests are a major component of the terrestrial carbon cycle and influence climate through23

both carbon storage and biophysical feedbacks (6, 43). In turn, climate change reshapes the24

thermal and hydrological conditions under which forests grow, shifting both average climate and25

extremes, with consequences for growth, physiological function and survival (1, 36, 8). These26

outcomes are neither uniformly positive nor negative; thus, response of tree growth to climate27

change remains difficult to generalize.28

This difficulty arises because climate–tree-growth relationships typically follow nonlinear29

response curves (10, 15, 4, 53). The impact of climate change — the change in growth it30

produces — depends not only on the magnitude of a climate shift but also on where along31

the response curve that shift occurs, so the same change can produce positive, negative, large,32

or small impacts (Fig. 1a). In multidimensional climate space, this starting point includes the33

state of other climate variables: a change in one dimension can have different impacts depending34

on the background climate (Fig. 1b). Together, these relationships define a context-dependent35

response surface across which progressive climate shifts translate into impacts on growth that36

may change in magnitude or direction over time (Fig. 1c).37
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How these impacts evolve depends on the balance among the three principal climatic controls38

on tree growth: air temperature, precipitation, and atmospheric water demand (51, 4, 20, 19).39

Where low temperature or a short growing season limits growth, warming can enhance it; but40

as warming continues, rising atmospheric water demand can carry the same forests from this41

energy-limited regime toward water limitation, where further warming suppresses growth (15,42

4, 50, 49). Precipitation affects growth through its contribution to water supply, but realized43

water availability depends on both supply and atmospheric demand; when this balance shifts44

toward deficit, it can suppress growth (25, 56). Rising atmospheric water demand, expressed as45

increasing vapor pressure deficit (VPD), can suppress growth by driving water loss and stomatal46

closure, with the strongest effects during droughts (40, 20, 55, 38). Because climate change shifts47

these three controls simultaneously, the open question is how their effects combine, whether they48

offset, amplify, or reverse one another, to determine the overall growth response.49

Global projections of vegetation response to climate change already exist, but they largely50

target carbon uptake or canopy greenness rather than directly measured tree growth, from which51

they are often decoupled (9, 18). For growth itself, as captured by tree-ring measurements,52

the literature has largely followed two paths. Regional and continental studies have projected53

growth under climate scenarios, in some cases capturing nonlinear responses, but resolving these54

relationships in detail only for particular regions or species (31, 15, 10, 28, 29, 35). Broad cross–55

continent tree-ring syntheses have described growth sensitivity to climate, focusing on linear56

relationships within historical climate (4, 56). These lines of work have stayed apart: where57

coverage has been broad, the response has been treated linearly or left unprojected; where it has58

been modeled nonlinearly or projected forward, the scope has remained regional or continental.59

Our aim here is to bring them together, i.e., to characterize nonlinear climate–tree-growth60

response surfaces across a broad, multi-biome tree-ring network, and to project how twenty-61

first-century climate change moves forests across them.62

We compiled a broad, multi-biome dataset of 4,110 Northern Hemisphere ring-width index63

(RWI) chronologies, drawn primarily from the International Tree-Ring Data Bank (ITRDB)64

(39) with additional European beech records (29), representing more than 12 million tree-ring65

observations. As climatic predictors, we used precipitation, maximum temperature, and VPD66

from the observed CRU TS v4.09 record (21), each represented by four 3-month summaries over67

the annual window most influential for ring formation (44). We estimated empirical climate–68

tree-growth response surfaces with XGBoost, fitting RWI against these predictors for 1902–198069

and allowing nonlinearities and interactions to be learned from the observations rather than70

prescribed. We then applied the model to observed climate and CMIP6 projections under SSP2-71

4.5, with the high-forcing SSP5-8.5 as a limiting case, estimating growth impacts as changes in72

predicted RWI relative to the 1902–1980 baseline.73

Because our response variable is detrended RWI, the model diagnoses climate-driven changes74

in radial growth rather than absolute wood production or carbon uptake (3, 9). We find that75

projected climate change decreases growth overall, with losses outlasting gains across regions76

through the twenty-first century. Decomposing these responses shows that the decline is driven77

primarily by a broadly negative warming–demand contribution that often outweighs positive78

water-supply contributions.79
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Figure 1: Nonlinear climate–tree-growth responses shape divergent growth trajecto-
ries under identical climate shifts. Schematic of the conceptual framework linking nonlinear
climate–tree-growth relationships to the growth impact of climate change. (a) The impact of
a climate shift — the change in predicted growth it produces — depends on where it occurs
along a nonlinear response curve: the same shift can raise growth on a rising portion of the
curve or lower it beyond an optimum. (b) In multidimensional climate space, impact also de-
pends on the background state of other climate variables, so an identical shift in one dimension
can produce positive, neutral, or negative responses under different background conditions. (c)
Viewed through time as growth relative to baseline, the same response geometry yields different
trajectories: sustained gains, transient gains that return toward baseline, or sustained losses.
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Projected growth declines and broadens92

To evaluate the combined impact of change across all climate predictors, we applied the model93

to 30-year climate windows extending from observed CRU TS climate into CMIP6 projections.94

Throughout, we summarize responses on a 1◦ grid, assigning each chronology to a grid cell and95

taking the median response within it, so that densely sampled regions do not dominate (Meth-96

ods). Relative to the baseline, predicted RWI declined progressively through the twenty-first cen-97

tury (Fig. 2a). As projected climate change intensified, with binned-grid maximum-temperature98

anomalies reaching +3.7 ◦C, statistically significant growth changes emerged predominantly be-99

low baseline: by late century (2071–2100), 37% of grid cells declined against 10% that gained100

(Fig. 2b).101

The distribution in RWI change both decreased and widened, with its interquartile range102

increasing from 2.36 to 4.75 percentage points. This widening was asymmetric: both the lower103

and upper quartiles shifted toward greater losses, but the lower moved roughly three times104

farther than the upper (3.54 versus 1.15 percentage points). Under the high-forcing SSP5-8.5105

scenario, these changes were amplified: the median declined further, and the upper quartile106

shifted below zero (Fig. S1a). The widening was also evident within individual CMIP6 models,107

rather than arising from intermodel disagreement (Fig. S2).108

These late-century responses were spatially structured (Fig. 2c,d). We summarized regional109

responses for the seven IPCC AR6 reference regions with at least 95 mapped cells (24) (Fig. 2d).110

Decline was strongest and most consistent in the Mediterranean (MED) and in western and111

central Europe (WCE), where statistically significant negative responses made up 85% and 54%112

of mapped cells and median growth fell by 4.2% and 2.5%. Other regions showed weaker or113

mixed responses: in eastern North America (ENA) and northern Europe (NEU), significant114

positive and negative responses were comparably frequent. In several regions, including central115
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North America (CNA), the change in most cells was not significant, with projected responses116

remaining within baseline variability. In other regions, most notably northern Central America117

(NCA), cells entered out-of-domain (OOD) climate space not represented during model training118

and were excluded to avoid unsupported extrapolation (see Methods); OOD conditions became119

considerably more widespread under SSP5-8.5 (Figs. S1b and S4).120

Across the network, then, projected growth declined overall but unevenly: decisively in parts121

of Europe, weakly or mixed elsewhere, and within baseline variability across much of interior122

North America. These distributions, however, count cells at each point in time without following123

what becomes of any individual cell, and cannot show whether a given departure from baseline124

endures or reverses. We therefore tracked how each cell evolved from the baseline through the125

end of the century.126
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Figure 2: Projected radial-growth responses decline and broaden asymmetrically un-
der future climate change. (a) Distributions of one-degree binned grid-cell median predicted
relative ring-width index (RWI) change relative to the 1902–1980 baseline, calculated in rolling
30-year windows from 1981–2010 through 2071–2100 using observed CRU TS climate followed
by CMIP6 SSP2-4.5 projections. Predicted RWI change is the percentage change in a chronol-
ogy’s XGBoost-predicted ring-width index in a target window relative to its 1902–1980 baseline
(%∆RWI), aggregated to grid cells; a value of −4% means growth 4% below baseline. For pro-
jected windows, grid-cell change is the median across the twelve CMIP6 models of each model’s
30-year median. Colors follow the map scale and indicate predicted RWI change; gray histogram
components are in-domain cells whose change was not statistically significant after Benjamini–
Hochberg FDR correction (q > 0.05), and colored components are statistically significant cells
(q ≤ 0.05). Boxes show the in-domain interquartile range and median for each window. (b)
Rolling-window fractions of mapped grid cells with negative, neutral, or positive responses, with
the binned-grid annual maximum-temperature anomaly relative to baseline on the right-hand
axis. For each fraction, the shaded band extends the solid in-domain line to include cells frozen
at their last in-domain state after leaving the climate domain. (c) Late-century map of binned
median predicted RWI change. Colored cells are in-domain grid cells with statistically signifi-
cant change; gray cells are in-domain but not significant, and black cells are outside the training
climate domain. Percentages indicate the share of mapped grid cells with positive change, neu-
tral (not significant) change, negative change, and out-of-domain climate. AR6 reference-region
boundaries are overlaid, with darker boundaries marking the well-sampled regions summarized
in panel d. (d) Late-century in-domain grid-cell response distributions for AR6 reference regions
with at least 95 mapped grid cells. Histograms use the same significance encoding as panel a,
with gray components for in-domain cells that are not significant and colored components for
statistically significant cells. Boxes show each region’s in-domain interquartile range and me-
dian. Grid-cell binning reduces over-representation of highly sampled regions in the tree-ring
network.
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Losses are retained while gains fade156

To follow individual grid-cell trajectories, we tracked them from their first departure into a157

positive or negative state to the end of the century, retaining the last in-domain state for cells158

that subsequently left the training climate domain (Fig. 3a). Negative states rarely reverted:159

90% remained negative by 2100 (95% CI 87–92%), against 56% (95% CI 49–62%) of positive160

states (Fig. 3b). Under high-forcing SSP5-8.5, the split sharpened further: negative retention161

rose to 97%, so that almost no decline reversed, while positive retention fell to 46% (Fig. S5b).162

Negative retention exceeded positive retention in all seven well-sampled AR6 regions (80–100%163

versus 0–77%; sign test P = 0.016), and a region-blocked bootstrap placed the full-network gap164

at 34 percentage points (95% CI 20–52).165

This asymmetry arose from retention rather than entry: in eastern North America (ENA)166

and northern Europe (NEU), cells entered positive states more often than negative ones (43%167

versus 12% and 41% versus 31%, respectively), yet negative states were retained more often168

through 2100 (Fig. 3b). Following cells by time since their first entry rather than to a fixed169

date, the two sides diverged: negative states grew more persistent while positive states decayed,170

the gap widening steadily with time since entry (Fig. 3c). By 50 years after entry, 92% of171

negative states were retained against 58% of positive states under SSP2-4.5, and 97% against172

47% under SSP5-8.5 (Fig. S5c). Losses therefore consolidate while gains fade with time since173

departure.174

When either state was left, cells almost always returned to neutral rather than crossing to the175

opposite sign. Under SSP2-4.5, positive cells returned to neutral in 43% of cases and negative176

cells in 10%, while direct crossings from one sign to the other were rare in both directions (1%177

positive-to-negative and under 1% in the reverse direction) (Fig. 3a). This directional imbalance178

strengthened under high-forcing SSP5-8.5, where downward crossings rose to 14% and upward179

crossings fell to zero (Fig. S5a).180

These unequal transition dynamics caused negative responses to accumulate while positive181

responses dissipated. We next trace these changes to their climatic origin.182
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Figure 3: Negative growth responses are retained while gains fade under SSP2-4.5.
Each grid cell is tracked from its first departure into a positive or negative state to its last in-
domain state, following the rolling 30-year windows; cells that later leave the climate domain are
held at that last state (Methods). A cell’s state is negative or positive where its predicted RWI
change relative to the 1902–1980 baseline is statistically significant and in-domain, and neutral
otherwise. (a) Cell-level transitions from the first non-neutral state to the last state, for the full
network and the seven well-sampled AR6 reference regions. Bar heights show the fraction of
grid cells in each state at first entry and at the last state. (b) Retention of first-entry positive
and negative states: the fraction of cells still on the same side of the boundary at their last state,
with point size scaled by the number of first-entry cells. (c) Retention as a function of time since
first entry: the fraction of cells still on their first-entry side, with each cell aligned to its own
first entry rather than to a common year, for positive (blue) and negative (red) entries. At each
horizon, a cell is counted only while it remains observable and in-domain; cells drop out as they
leave the training climate domain or reach the end of the century, and curves are shown only
where at least 150 cells of each sign remain (Methods). The upper strip shows the number of
observable cells of each sign at each horizon, which declines as cells drop out. Negative retention
rises and positive retention falls as time since entry lengthens, widening the gap between them.
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Warming and VPD drive the losses202

We decomposed projected changes into a water-supply contribution from precipitation and a203

warming–demand contribution from maximum temperature and VPD, and summarized them204

at the grid-cell level. Because maximum temperature and VPD are strongly correlated, their205

individual contributions could not be resolved reliably and were therefore grouped. For the end of206

the century (2071–2100), both water-supply and warming–demand contributions were expressed207

relative to baseline as changes in SHAP (Shapley additive explanations; see Methods) values208

(∆SHAP; Fig. 4a). The two contributions were opposite in sign across most of the network:209

under SSP2-4.5, warming–demand was negative in 91% of grid cells while water-supply was210

positive in 79%.211

We partitioned the contribution plane into five regimes: co-enhancement and co-suppression,212

where both contributions acted in the same direction; supply- and demand-driven responses,213

where opposing contributions yielded a positive or negative climate net; and neutral responses,214
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where the change was not significant. Under SSP2-4.5, demand-driven loss was the most com-215

mon non-neutral regime across the network, at 243 of 594 non-neutral grid cells (41%), and216

the leading negative regime in five of the seven well-sampled AR6 regions (Fig. 4b,c). Co-217

suppression dominated losses only in western North America (WNA) and the Mediterranean218

(MED), accounting for 87% of cells in the latter.219

The balance of contributions within positive responses shifted with forcing, even though220

positive responses remained a similar fraction of the network (11% under SSP2-4.5 versus 10%221

under SSP5-8.5). Within these positive responses, the supply-driven fraction rose from 46%222

under SSP2-4.5 to 61% under SSP5-8.5, at the expense of co-enhancement, though a co-enhanced223

core persisted even under high forcing (Fig. S6b). Under stronger forcing, the surviving gains224

depended increasingly on water supply alone, offsetting a warming–demand contribution that225

had itself turned negative.226

The decomposition identifies warming–demand as the broadly negative contribution under-227

lying the projected decline, but not why the same climate change drives some responses up and228

others down. This divergence is clearest at the level of individual chronologies: it depends on229

where each chronology begins on the response surface and how projected change displaces it,230

which we examine next.231
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Figure 4: A negative warming–demand contribution drives the projected decline
against a positive water-supply contribution. For each grid cell, we ask which climate
drivers produced its projected growth change: how much of the change is attributable to wa-
ter supply (precipitation) versus warming–demand (maximum temperature and VPD). This
driver attribution is the change in each group’s SHAP contribution from the baseline (∆SHAP),
expressed in the same percent-equivalent RWI units as the growth change itself, so a driver’s
contribution reads directly as the growth it adds or removes. These contributions are additive on
the underlying log-RWI scale; after conversion to percent-equivalent units they are interpretable
individually but do not sum exactly (Methods). Contributions are taken as the median across
models and summarized within 1-degree grid cells. Cells are then assigned to five regimes from
the signs of the two contributions and the climate net: co-enhancement and co-suppression (both
contributions of the same sign), supply-driven and demand-driven (opposing contributions with
a positive or negative climate net), and neutral (in-domain but not statistically significant). (a)
Late-century (2071–2100) contribution plane under SSP2-4.5. Points show in-domain grid cells;
statistically significant non-neutral cells are black and neutral cells gray. Background colors
show the regime partitions, and marginal histograms show the regime composition along each
contribution axis. (b) Late-century regime composition for the full sampled network and the
seven well-sampled AR6 reference regions. Bars show the fraction of grid cells in each regime;
hatching marks cells held at their last in-domain regime after leaving the climate domain. (c)
Geographic distribution of late-century regimes, shown as the modal regime within each 1-degree
grid cell, with AR6 reference-region boundaries overlaid.
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Nonlinearities explain divergent impacts255

To determine why projected climate change produced opposing responses among chronologies,256

we followed their baseline-to-late-century displacements across the learned climate–tree-growth257
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surface. Four predictors (P4–6, D4–6, T7–9, and T10–12) accounted for approximately 53% of258

the summed absolute change in attribution among climate predictors by late century (Fig. S7).259

Their pairwise response surfaces, precipitation–VPD and VPD–temperature, therefore capture260

much of the geometry underlying the divergence (Fig. 5).261

The regional precipitation–VPD surfaces present how contrasting outcomes emerge from the262

joint climate displacement rather than from either variable alone (Fig. 5a). In northwestern263

North America (NWN) and northern Europe (NEU), chronologies occupied the lower end of the264

VPD range, where projected increases in both precipitation and VPD moved them toward higher265

growth. In central North America (CNA) and eastern North America (ENA), precipitation also266

increased, but the accompanying rise in VPD carried chronologies across declining portions of267

the surface and outweighed the positive water-supply contribution. Western North America268

(WNA) and western and central Europe (WCE) spanned both rising and declining portions269

of the surface and consequently showed mixed responses. Mediterranean (MED) chronologies270

combined declining precipitation with increasing VPD, so both components of the displacement271

acted toward lower growth.272

These regional contrasts demonstrate on the learned surface why local climate sensitivity is273

not equivalent to realized climate-change impact (Figs. 1 and 5a). Sensitivity is the steepness of274

the surface at a chronology’s current climate. Impact is the growth change actually realized, and275

it depends not only on that steepness but on the direction and distance climate change carries276

the chronology across the surface. Western North America (WNA) makes the distinction clear:277

there, short displacements that cut straight across the response contours changed growth more278

than longer ones that ran nearly along them (Fig. 5a). Projected impact therefore depends on279

both displacement magnitude and its alignment with the local response gradient, and cannot be280

inferred from sensitivity alone.281

The same dependence on starting climate and displacement direction structured the re-282

sponse to warming. Displacements across the D4–6×T7–9 surface were predominantly associated283

with lower growth, with positive responses confined largely to its coldest and lowest-VPD edge284

(Fig. 5b). The D4–6×T10–12 surface instead contained a broader rising region in colder, low-VPD285

climate space, where warming could increase growth before reaching a crest beyond which further286

warming and atmospheric demand reduced it (Fig. 5c). The growth effect of warming therefore287

depended on both the three-month window and the climate state from which the displacement288

began.289

The bounded rising region of the D4–6×T10–12 surface also provides a mechanism for the lower290

retention of gains. Chronologies beginning on its rising side can initially be displaced toward291

higher growth, but continued movement along the same broad climate trajectory carries them292

toward and eventually beyond the crest. The same progression can therefore produce an early293

gain followed by declining growth as warming and atmospheric demand intensify. Nonlinear294

response geometry thus links the concentration of gains in colder, low-demand climate space to295

their lower persistence under continued change.296

Together, these two-dimensional surfaces show that projected climate impact emerges from297

the interaction between starting climate, the direction and magnitude of climate displacement,298

and the nonlinear response geometry crossed along the way. Within the learned climate–tree-299

growth relationships, this geometry shows how positive water-supply contributions can be out-300

weighed by warming–demand losses, and how gains can emerge along part of a climate trajectory301

but weaken as displacement continues.302
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Figure 5: Projected growth impact depends on how climate change moves chronolo-
gies across the nonlinear surface. Each panel is the model’s learned growth response over
a pair of climate predictors. Arrows indicate how groups of chronologies move through climate
space, from their mean present-day climate (base) to their mean late-century climate (tip). Ar-
row color denotes the impact on growth, with red shades indicating declines and blue shades
increases. The background surface sets the terrain the arrows cross (see Methods), with gray
contour lines marking levels of equal predicted growth. The impact of a climate shift depends on
how the arrows meet these contours: an arrow crossing them changes growth sharply, while one
running parallel to them barely changes it. Black dots mark the observed baseline climates of
the underlying chronologies and show where the surface is supported by data; the surface should
not be read where no dots fall. Histograms inside each panel show the distribution of impacts.
(a) April–June VPD (D4–6) versus April–June precipitation (P4–6), shown separately for the
seven well-sampled regions. (b, c) April–June VPD (D4–6) versus July–September (T7–9) and
October–December (T10–12) maximum temperature, pooled across the full network. All panels
show SSP2-4.5 late-century climate (2071–2100) relative to the 1902–1980 baseline. The full set
of pairwise surfaces, and regional breakdowns of the leading pairs, are shown in Figs. S14–S24.
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Discussion321

Across a broad, multi-biome tree-ring network, twenty-first-century climate change is projected322

to decrease radial growth, but the central result is a temporal asymmetry: losses, once estab-323

lished, are rarely reversed, whereas gains fade. This asymmetry held in every well-sampled324

region in the Northern Hemisphere and strengthened under higher forcing. The combined effect325

of warming and rising atmospheric water demand was negative across most of the network and,326

in many regions, outweighed precipitation-driven gains, producing widespread losses.327

These projections rest on an inherently non-mechanistic partial model: beyond climate,328

radial growth carries biological trends, disturbance, and other influences a climate model cannot329

capture (12). Our static predictors (species, elevation, and chronology identity) absorb non-330

climatic variation, so that the learned climate response need not account for it. A grouped331

permutation test confirms that this signal is climatic: when the climate–tree-growth link is332

broken with static structure left intact, model skill collapses to near zero (Methods; Fig. S9). The333

model learns this response directly from the data with gradient-boosted trees rather than through334

prescribed functional forms. Across many species and chronologies, it reproduces the expected335

redistribution of growth limitation from temperature toward water and atmospheric demand336

(4, 20, 55, 41). The projected changes are numerically small, a few percent of each chronology’s337

baseline growth, but because ring width is detrended, they are departures from each chronology’s338

own expected growth, not fractions of a larger total, and they recur as displacement continues.339

The model underestimates the amplitude of year-to-year climate responses, predicting within-340

chronology good-minus-bad-year contrasts about two-thirds as large as observed (Methods).341

The provisional nature of gains has a structural origin. Regional studies have long re-342

ported warming-driven gains that later weaken or reverse in cold-limited and high-latitude forests343

(15, 50, 35, 49): warming relaxes a temperature limitation and growth rises, but only within344

a bounded region of climate space, beyond which continued displacement carries a chronology345

over the peak of its response into decline. Our network resolves these regional findings as one346

nonlinear response, gain and loss depending on where continued warming carries each chronol-347

ogy relative to the peak. Our decomposition finds other gains resting instead on water supply,348

sustained while the warming–demand contribution is already negative, consistent with obser-349

vations of growth held up by precipitation where warming is adverse (14, 34). Across both,350

projected gains are provisional — sustained only where a favorable balance holds, and eroded351

as rising warming and atmospheric demand tip it.352

Several boundaries constrain this interpretation. Detrended ring width records climate-353

driven changes in radial growth, not absolute wood production or carbon uptake, from which354

drought and allocation shifts can decouple it (9, 26, 7); it does, however, track the increment355

of above-ground woody biomass, the pool in which trees hold most of their carbon (2, 45).356

Our projections depend on the climate models and scenarios that drive them; we use twelve357

CMIP6 models spanning different families, which sample structural climate-model uncertainty,358

and headline the mid-range SSP2-4.5, closest to current emission trajectories (22), with high-359

forcing SSP5-8.5 as an upper bound. A deeper assumption is space-for-time substitution: as a360

chronology’s climate changes, it moves into conditions the model has learned from other sites361

that experience them today (28, 17). Because ring width is standardized, the model uses rela-362

tive growth within each chronology rather than absolute differences between chronologies. We363

hold species, elevation, and growth history fixed, project relative to each chronology’s own base-364

line, and, because a data-driven model cannot reliably extrapolate beyond its training climate,365

withhold prediction beyond the training climate domain — the range of climate the model366
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was trained on. Our network is geographically and taxonomically uneven and biased toward367

climate-sensitive sites (27, 3), with sparse coverage across much of the globe, so inference is368

strongest where sampling is densest. Finally, several processes lie outside the model altogether:369

we do not simulate CO2 fertilization, nor biotic and abiotic disturbances (such as fire and insect370

outbreaks), mortality, or species turnover (46, 1, 36), and our three-month predictors repre-371

sent sub-seasonal extremes only indirectly, so brief events such as heatwaves, rainfall pulses and372

compound episodes are captured only in part.373

Here we bring together three strengths that had developed apart: resolving climate–tree-374

growth responses in their nonlinear detail, measuring them across a broad, hemisphere-wide375

network, and projecting them into the future. Together they reveal that the growth of Northern376

Hemisphere trees is reduced more often than enhanced, and once reduced, it tends to persist.377

We looked here only at how growth responds to shifts in mean climate; how that combines378

with the many processes we set aside, from CO2 fertilization to the disturbances, mortality and379

extremes escalating under climate change, is a promising direction for future work.380
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Methods381

Tree-ring data382

Tree-ring width measurements were obtained primarily from the NOAA International Tree-383

Ring Data Bank (ITRDB) (39), supplemented by a European beech network (29). Within384

each source record, measurement series shorter than 20 years were excluded, and the remain-385

ing series were screened for crossdating consistency, detrended with a cubic smoothing spline386

using dplpy (42), and averaged with a biweight robust mean into standard ring-width index387

(RWI) chronologies. The spline had a 50% frequency-response cutoff at 50 years (13), so it re-388

moves the low-frequency growth trend while preserving the interannual variability on which the389

climate–tree-growth model is fit; because some low-frequency variability is climatically forced,390

this detrending may make the magnitude of the projected growth responses conservative while391

leaving the interannual response intact. Chronology years were retained from 1901 onward392

where sample depth was at least 10 series. After matching to climate data and applying the393

model-fitting filters described below, the final network comprised 4,110 Northern Hemisphere394

RWI chronologies from 70 species, representing more than 12 million ring-width measurements.395

Retained chronology-year observations had a median sample depth of 27 series (interquartile396

range, 19–39).397

Climate data and projections398

Observed climate was derived from CRU TS v4.09 monthly fields for 1901–2024 (21). Chronol-399

ogy coordinates were assigned to the nearest 0.5◦ CRU grid cell. From CRU TS, we extracted400

monthly mean daily maximum temperature (◦C), total monthly precipitation (mmmonth−1) and401

monthly vapor pressure (hPa). We derived monthly VPD (kPa) from monthly mean daily maxi-402

mum temperature and monthly vapor pressure (see Supplementary Section S1). Monthly values403

were aggregated into four non-overlapping three-month windows: January–March (months 1–3),404

April–June (4–6), July–September (7–9) and October–December (10–12). Maximum tempera-405

ture and VPD were averaged within each window, whereas precipitation was summed.406

Future climate data were obtained from 12 general circulation models (GCMs) in the NEX-407

GDDP-CMIP6 dataset under SSP2-4.5 and SSP5-8.5 (48, 47). Daily values were extracted at408

the nearest 0.25◦ NEX-GDDP-CMIP6 grid cell for each chronology and aggregated to monthly409

site series. Projected VPD was calculated from daily maximum temperature and relative humid-410

ity before monthly aggregation. We then bias-adjusted each model’s monthly series to the CRU411

reference over 1950–2014 (23), separately for each model, site, calendar month and variable:412

additive monthly offsets for temperature and VPD, and multiplicative monthly factors for pre-413

cipitation. Corrected monthly projections were aggregated to the same three-month predictors414

as the observed climate. The CMIP6 ensemble is listed in Supplementary Table S1.415

Predictors and model fitting416

We trained an XGBoost regression model (11) to predict annual log-transformed RWI from417

three-month climate summaries, chronology context, and previous-year growth. The response418

variable was419

yc,t = log (max(RWIc,t, 0.05)) ,

where the small floor of 0.05 prevents undefined values for zero RWI observations. The log420

transformation makes proportional changes symmetric around RWI = 1, so that halving and421
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doubling RWI have equal magnitude and opposite signs. The fitted model can be written as422

ŷc,t = fθ (Tc,t,Pc,t,Dc,t, yc,t−1, zc) , (1)

where c indexes chronologies and t the growth year. The vectors T, P and D contain three-423

month summaries of maximum temperature, precipitation and VPD, yc,t−1 is the previous-year424

log RWI, and zc holds chronology identity, species identity and elevation. For each climate425

variable, predictors included current-year T1–3 and T4–6, P1–3 and P4–6, and D1–3 and D4–6,426

together with previous-year T7–9 and T10–12, P7–9 and P10–12, and D7–9 and D10–12. Together,427

these windows span July of the previous year through June of the growth year, a period over428

which climate–tree-growth relationships are often strongest (44, 30).429

Ring-width chronologies carry not only a climate signal but also biological persistence, dis-430

turbance, and other non-climatic variation (12). The context predictors zc (species, elevation,431

and chronology identity) absorb persistent non-climatic differences between chronologies, so that432

the learned climate response is not confounded by them, and the lag-1 term yc,t−1 captures the433

strong year-to-year autocorrelation of ring width (44). Chronology and species identity were434

encoded as categorical predictors using XGBoost’s native categorical handling rather than as435

ordinal numeric variables.436

The data were divided chronologically into training (1902–1980), validation (1982–1990) and437

testing (1992–2024) sets, with lagged predictors constructed within each split. Species were re-438

tained only when represented by at least 10 training chronologies, 5 post-1980 chronologies, 200439

training observations and 100 post-1980 observations. Model fitting was restricted to Northern440

Hemisphere chronologies, where the network is concentrated, so that the calendar-based pre-441

dictor windows followed a common annual cycle. Applying the same criteria to the Southern442

Hemisphere retained only 69 chronologies and 840 observations after 1990, with records ending443

in 2012, so the Southern Hemisphere was excluded. We evaluated 48 randomly sampled hy-444

perparameter combinations, using early stopping within each trial and selecting the model by445

validation RMSE. The selected model used 1,431 boosting rounds, with all fitted hyperparame-446

ters reported in Supplementary Table S2.447

Model validation and characterization448

Held-out predictive skill was evaluated on the 1992–2024 test set, where the model achieved449

R2 = 0.257, Pearson r = 0.511 and RMSE = 0.257 across 50,849 chronology-year observations450

from 3,165 chronologies (Fig. S8). Because the model also has access to chronology identity,451

species, elevation, and previous-year growth, a concern is that its apparent skill could come452

from this non-climatic structure — learning each chronology’s typical growth level or its year-453

to-year persistence — rather than from a genuine climate–tree-growth relationship. Since the454

projections rest entirely on the learned climate response, we tested this directly with a climate-455

row permutation test. For each permutation, the 12 climate predictors were shuffled together456

as an intact block across training rows, while chronology identity, species identity, elevation457

and lagged growth were left unchanged. Shuffling the predictors as a block, rather than inde-458

pendently, preserves the realistic covariance among temperature, precipitation and VPD across459

their windows, so each climate vector remains physically plausible; only its association with the460

corresponding chronology-year growth observation is destroyed. We refitted the model for each461

of 1,000 permutations using the same selected hyperparameters and 1,431 boosting rounds. The462

resulting null distribution had mean test R2 = 0.023 (s.d. 0.003); none of the 1,000 permuta-463

tions reached the observed R2 = 0.257, giving empirical P < 0.001 (Fig. S9). The model’s skill464
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therefore depends on a genuine learned climate–tree-growth relationship, which the non-climatic465

features cannot reproduce on their own.466

On the test set, precipitation is the model’s largest single contributor by mean absolute467

SHAP (SHapley additive explanations) value (32), more than twice either temperature or VPD,468

followed by lag-1 growth, VPD, temperature, and the context predictors (Fig. S10). Our analysis,469

however, is based on the baseline-relative change in attribution (∆SHAP; below) rather than470

absolute importance, and the two need not agree: precipitation dominates the model’s present-471

day predictions, whereas the projected late-century attribution change is led by previous-year472

maximum temperature (T7–9) and current-year VPD (D4–6) (Fig. S7).473

Projecting climate-driven growth responses474

Projecting ring-width chronologies forward poses two structural difficulties. First, chronologies475

are stationary by construction: de-trending removes low-frequency growth trends, so a chronol-476

ogy carries no projectable trend and its expected level is fixed rather than drifting. Second,477

ring-width series are strongly autoregressive, and the model uses previous-year growth yc,t−1 as478

a predictor; under future climate no observed lag-1 value exists, and feeding the model its own479

predictions would either compound error or, given stationarity, collapse the series toward its480

mean. Naive year-by-year forecasting of RWI is therefore ill-posed.481

We instead isolate the climate-driven component of the response by neutralizing the autore-482

gressive predictor. For chronology c, year t, scenario s and climate model m, the neutral-history483

prediction was484

ŷ0c,t,s,m = fθ (Tc,t,s,m,Pc,t,s,m,Dc,t,s,m, 0, zc) , (2)

where the lag-1 term is set to 0, corresponding to RWI = 1, the stationary expectation of a485

detrended chronology. This uses only the climate predictors and the known chronology context486

zc to evaluate the learned climate response for a given chronology, with the chronology, species,487

and elevation terms held at their trained values. Neutralizing the lag-1 term does not distort488

this response: in the held-out SHAP audit, previous-year growth was nearly uncorrelated with489

the model’s climate predictors (maximum |r| = 0.052), and a Savitzky–Golay smoothing of its490

SHAP dependence crossed zero at RWIt−1 = 0.969, close to the neutral value RWIt−1 = 1, so491

the term contributes negligibly there (Fig. S11). Because the neutral-history prediction does492

not depend on the chronology having been observed in a given year, it is applied consistently493

across the full 1902–2100 period for every chronology in the network.494

All reported values are changes relative to each chronology’s own historical baseline rather495

than absolute predicted RWI. For a target window W , we compared the neutral-history predic-496

tion over that window with the corresponding prediction over the baseline period B (1902–1980):497

∆RWIc,W,s,m = 100
[
exp

(
ỹ0c,W,s,m − ỹ0c,B

)
− 1

]
, (3)

where ỹ0 denotes the period median of annual neutral-history predictions of ŷ0. The exponential498

converts log-RWI differences to proportional changes, so all results are reported as percentage499

change in RWI relative to baseline (%∆RWI). The baseline period coincides with the model500

training period, where the representation of each chronology’s climate response is most strongly501

constrained; projections measure departure from this grounded reference, including where cli-502

mate moves away from the training distribution. Most results are reported at the grid-cell level.503

Chronologies were assigned to 1◦ × 1◦ latitude–longitude grid cells; within each cell and climate504

model we took the median chronology change over the target window, and for projected periods505
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then took the median across models, giving one value per occupied cell. Reporting one value506

per occupied cell keeps the maps and distributions spatially balanced rather than dominated507

by densely sampled regions (Fig. S12). Projected windows were 30 years long, advancing from508

the observed period into the CMIP6 projections; the eight-decade baseline and the multi-year509

windows together suppress interannual noise. Because the autoregressive channel is neutralized510

and chronology context is held fixed in both terms, the baseline and target predictions differ only511

in their climate inputs, so ∆RWI isolates the effect of climate change on the modeled growth512

response.513

Within-chronology validation514

Beyond overall predictive skill, we asked a more specific question: within a single chronology,515

does the model correctly tell good growth years from bad ones on the basis of climate? This516

is a stronger test than fitting across sites, because it asks whether the model has learned each517

chronology’s own year-to-year response to climate. For each test-period chronology, we used the518

neutral-history predictions to identify its years of high and low climate-driven growth, taking519

the upper and lower quartiles as the model’s favorable and unfavorable years. If the model520

has captured a real climate response, the tree should have grown more in those favorable years521

than in the unfavorable ones; we therefore compared the observed growth difference between522

the two sets of years with the predicted difference, for chronologies with at least ten test-period523

years. Across 2,541 chronologies, the observed and predicted contrasts were correlated (Pearson524

r = 0.80) and agreed in sign for 86% of chronologies, far above the 50% expected by chance525

(1,000-permutation null; P < 0.001). The observed contrasts were on average 1.5 times larger526

than predicted (fitted slope 1.54; Fig. S13), so the model captures the pattern of climate-driven527

growth while understating its amplitude. Defining favorable and unfavorable years at other528

percentile thresholds gave similar results.529

Out-of-domain climate screening530

Projected climates can move into combinations of conditions not represented in the training531

data, where the model would extrapolate (52). To identify these, we screened each prediction532

against the training climate cloud in the joint space of the twelve climate predictors (three533

variables, each summarized over four three-month periods; chronology context and lag-1 growth534

were not screened) (37). We standardized the twelve predictors over the training data and,535

in this standardized space, computed for each prediction its Euclidean distance to its k-th536

nearest training neighbor (k = 20). A prediction was flagged as out-of-domain (OOD) when537

this distance exceeded the 99th percentile of the corresponding neighbor distances among the538

training data itself. Because the screen operates on the joint climate vector rather than on539

individual variables, it flags novel combinations of otherwise-sampled conditions, not only values540

beyond each variable’s range.541

We aggregated this row-level screen to grid cells in the same rolling 30-year windows used542

for the response projections. For each scenario, climate model, window, and 1◦ × 1◦ cell, we543

computed the fraction of prediction rows that were OOD and took the median of this fraction544

across CMIP6 models; a cell was classified as out-of-domain when this model-median exceeded545

50%, so that a cell was excluded only when most models agreed its projected climate lay outside546

the training climate domain. Observed CRU climate was screened through 2024 and the bias-547

corrected CMIP6 climate from 2025 onward, so windows spanning the transition combined both;548

the out-of-domain fraction grew through the century, most steeply under SSP5-8.5 (Fig. S4).549

17



Predictions in out-of-domain cells were withheld from the reported responses, so that pro-550

jected changes are shown only where the model interpolates within its training climate.551

Statistical support552

We estimated the uncertainty of each cell’s ∆RWI with a temporal bootstrap (16). We drew553

5,000 bootstrap replicates. In each replicate, we resampled the years of the baseline window554

and of the 30-year target window, with replacement, and applied the same resampled years555

to every chronology. From these resampled years we recomputed, in order: each chronology’s556

baseline and target-window medians, each chronology’s ∆RWI, the median across chronologies557

within each 1◦ × 1◦ grid cell, and the median across the twelve climate models. The bootstrap558

therefore captures the temporal sampling uncertainty of a finite window, while the chronologies559

and models contributing to each cell stay fixed. For windows spanning the observed-to-projected560

transition, we resampled the CRU years once per replicate and shared them across models, and561

resampled the CMIP6 years separately within each model.562

From each cell’s 5,000 resampled ∆RWI values, we computed a two-sided bootstrap P -value563

for a change away from zero. We controlled the false discovery rate (FDR) across cells with564

the Benjamini–Hochberg procedure (5), applied separately within each scenario and window565

and over in-domain cells only, having excluded out-of-domain cells beforehand. We treated cells566

with q ≤ 0.05 as significant, and took the direction of each significant change from the sign of567

its point estimate. Out-of-domain cells were held at their last in-domain state for the rolling568

transition and regime analyses. This single cell-level procedure underlies the results in Figures 2,569

3 and 4.570

Within-model spatial spread571

The projected response distribution widens spatially through the century (Fig. 2). To confirm572

this broadening reflects a signal shared across climate models rather than disagreement among573

them, we recomputed the spatial spread within each model separately. For each CMIP6 model574

and rolling window, we formed the grid-cell ∆RWI values as above, i.e., the median across575

chronologies within each in-domain 1◦ × 1◦ cell, without aggregating across models, and took576

their interquartile range across space as a measure of spatial spread. We summarized the twelve577

single-model spatial IQRs by their median and 25th–75th percentile range, and compared them578

with the spatial IQR of the ensemble-median field used in the main distributions (Fig. S2). This579

diagnostic uses the same out-of-domain mask as the response projections but no FDR filtering,580

since it characterizes the full in-domain distribution rather than statistically significant change.581

The spatial spread increases through the century within individual models, so the broadening582

does not arise from combining divergent models.583

Regional summaries584

Occupied 1◦ × 1◦ grid cells were assigned to IPCC AR6 WGI reference regions (v4) by their585

center point, using the land and land–ocean polygons (24). We report the seven represented586

regions with at least 95 occupied cells, which together hold 956 of the 1,171 occupied cells and587

3,650 of the 4,110 chronologies. The threshold falls at a natural break: the smallest retained588

region has 95 cells and the next below it has 45. Sampling is concentrated in North America589

and Europe, and no Asian region reached the threshold (Supplementary Table S3).590
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Transition and retention analysis591

We tracked each cell’s state (positive, negative, or neutral) across the rolling 30-year windows,592

following how projected growth changes emerged and whether they were retained through to593

the end of the century. Because change is measured relative to the baseline, cells begin neutral594

and may depart as the windows advance; for each cell, we recorded the window at which it595

first became positive or negative and the state of its last in-domain window. Retention was596

the fraction of cells that first entered a positive (or negative) state and were still in that state597

at the last window, with cells that never left neutral excluded. We report it as a proportion598

with a Wilson 95% confidence interval (54) for the full network, and as a rate for each of the599

seven well-sampled AR6 regions. Cells that left the training climate domain before 2100 were600

held at their last in-domain state, so that retention was measured over every cell that entered a601

state, not only those whose climate stayed within the sampled range. Recomputing the analysis602

with these cells excluded left retention nearly unchanged (negative 89.8% versus 90.1% under603

SSP2-4.5, 96.7% versus 96.9% under SSP5-8.5).604

We examined the regions to test whether the difference between negative and positive reten-605

tion was systematic rather than the average of a few strongly one-sided regions. A two-sided sign606

test (binomial, n = 7) assessed whether negative retention differed from positive retention across607

the seven regions; it was higher in all seven (P = 0.016). We then estimated the network-wide608

gap with a two-level bootstrap of 20,000 replicates: each replicate resampled the seven regions609

and then the cells within each, and we recomputed the entry-weighted negative-minus-positive610

gap. The empirical 2.5th and 97.5th percentiles of the bootstrap distribution were used as611

the 95% confidence interval, reflecting both among-region variation and within-region cell-level612

variation.613

Endpoint retention compares cells that entered their state at different times against a com-614

mon date (2100), so cells entering earlier have longer to depart. To remove this, we also measured615

retention at matched horizons after entry. For each cell we took its first in-domain, statistically616

significant non-neutral state and, at each horizon of h years, asked whether the cell was still on617

that same side in the first in-domain state at or beyond h years after entry. This measure is618

observable-only: a cell contributes to horizon h only if it has an in-domain state there, and cells619

drop out as they leave the training climate domain or reach the end of the century, rather than620

being frozen. Because the observable denominator shrinks with horizon, we show the retention621

curves only while at least 150 cells of each entry sign remain observable in both scenarios, giving622

a common horizon of 53 years (Fig. 3c). Negative retention rose and positive retention fell with623

horizon under both scenarios, widening the gap.624

Because this dynamic denominator changes with horizon, we repeated the analysis on a625

fixed cohort: cells whose first entry could be followed in-domain for the full 50 years after entry,626

tracked over the same 50-year span. Holding the cohort constant removes any effect of a changing627

denominator, at the cost of excluding cells that entered too late for a 50-year follow-up before628

2100. Within this fixed cohort the retention gap still widened steadily with horizon — from629

3 pp after one year to 34 pp by 50 years under SSP2-4.5, and from 5pp to 50 pp under SSP5-8.5630

(Fig. S3) — so the divergence is not an artifact of the shrinking denominator.631

Climate-driver decomposition632

To attribute each projected growth change to the underlying climate variables, we decomposed633

the model’s prediction with SHAP, which distributes a prediction among its input features634

additively, so that, together with the expected-value term, their contributions sum to the pre-635
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diction. We write the SHAP value of feature j as ϕj and computed these with XGBoost’s636

native tree-based method (33), which is exact and additive on the log(RWI) scale, on the same637

neutral-history prediction rows used for the projections (lag-1 growth set to zero).638

The quantity we attribute is not the prediction itself but its change from baseline. Just639

as growth change is the predicted RWI in a window relative to the chronology’s baseline, each640

driver’s contribution is the change in its SHAP value relative to baseline (its ∆SHAP): if a641

chronology’s predicted growth falls below baseline, we ask how much of that decline each driver642

accounts for. The decomposition is therefore of the baseline-relative change in attribution, not643

of absolute SHAP or feature importance.644

We grouped the twelve climate features into a water-supply contribution, from the four pre-645

cipitation predictors, and a warming–demand contribution, from the four maximum-temperature646

and four VPD predictors; maximum temperature and VPD were combined because they are647

strongly correlated and their separate contributions cannot be resolved reliably. For a feature648

group G, the annual SHAP value is the sum over its features, ϕG,c,t,m =
∑

j∈G ϕj,c,t,m, where649

c indexes chronologies, t years and m climate models (omitted for observed years). As for the650

growth projections, each group’s ∆SHAP is its value in a W = 30-year window relative to the651

chronology’s B = 1902–1980 baseline,652

∆ϕG,c,W,m =
1

|W |
∑
t∈W

ϕG,c,t,m − 1

|B|
∑
t∈B

ϕG,c,t, (4)

taken as the median across the M = 12 climate models, ∆ϕG,c,W = medianm∆ϕG,c,W,m.653

The water–supply, warming–demand and net ∆SHAP were formed on the log scale,654

∆ϕsup,c,W = ∆ϕprecip,c,W , (5)

∆ϕdem,c,W = ∆ϕtmax,c,W +∆ϕvpd,c,W , (6)

∆ϕnet,c,W = ∆ϕsup,c,W +∆ϕdem,c,W , (7)

and each converted to a percent-equivalent RWI contribution, matching the units of the growth655

projections,656

sc,W = 100 [exp (∆ϕsup,c,W )− 1] , (8)

dc,W = 100 [exp (∆ϕdem,c,W )− 1] , (9)

nc,W = 100 [exp (∆ϕnet,c,W )− 1] . (10)

We summarized s, d and n at the 1◦ × 1◦ cell level as the median across chronologies.657

The net contribution n is the climate component of the predicted change. It is aggregated on658

the log-RWI SHAP scale before conversion to percent-equivalent RWI; because the conversion659

and median aggregation are nonlinear, n is not the arithmetic sum of the displayed supply and660

warming–demand percentages. The static context features are held fixed between baseline and661

future, but their SHAP values can shift modestly through interactions with the changing climate662

inputs, so the climate net accounts for most, though not all, of the baseline-relative change. We663

therefore take each cell’s positive or negative state from the statistically significant change in664

predicted RWI, and use the decomposition to diagnose the climatic pathway behind it; the sign665

of the climate net agreed with this state for over 96% of significant cells under both scenarios.666

The signs of s and d place each in-domain, statistically significant cell in the supply–demand667

plane: co-enhancement (s > 0, d > 0) and co-suppression (s < 0, d < 0) where the two668
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contributions share a sign, and supply-driven (s > 0, d < 0, n > 0) or demand-driven (s >669

0, d < 0, n < 0) where they oppose, split by the sign of the climate net n rather than by the670

cell’s significant positive or negative state. In-domain cells whose change was not statistically671

significant form a fifth, neutral regime. The reverse case, a negative supply against a positive672

demand (s < 0, d > 0), was negligible here, since the warming–demand contribution is negative673

across most of the network; the few such cells were neutral. The overall direction of change674

is statistically significant, but the division within it turns on the smaller contribution, whose675

sign is not separately tested; we therefore interpret regime composition at the population and676

regional level rather than as a fixed label for any individual cell.677

Response-surface and attribution analysis678

To identify which predictors carried the projected changes, we ranked the twelve climate predic-679

tors by the magnitude of their late-century ∆SHAP, summed in absolute value across chronolo-680

gies (using the median across models, as above). Under SSP2-4.5, four predictors — P4–6, D4–6,681

T7–9 and T10–12 — account for 53% of this summed absolute change in attribution, and we used682

them for the response-surface analysis (Fig. 5; ranking in Fig. S7). The ranking is similar under683

SSP5-8.5, with T10–12 falling just outside the leading four.684

Each response surface shows how predicted growth changes as we vary just two predictors at685

a time, leaving all the other inputs to the model as they are. The other inputs are supplied by686

Nc = 350 chronology-year observations drawn at random from the 1902–1980 reference period,687

and the surface is the prediction averaged over them. We sweep the two focal predictors across688

a grid of values; at each grid point, we set the two focal predictors to that grid point in every689

one of these observations and average the model’s predictions:690

η(xa, xb) =
〈
fθ
(
xa, xb, x

0
) 〉

, (11)

where xa and xb are the two focal predictors, x0 holds the remaining fixed inputs from one691

reference-period observation — chronology context z, neutral lag-1 growth (yt−1 = 0) and the692

non-focal climate predictors — and ⟨·⟩ averages over the Nc observations. The surface is thus693

a function of the two focal predictors alone. For visualization, each surface was shifted by694

subtracting the prediction at the middle grid cell of that two-predictor panel; thus the color695

scale shows relative changes in predicted RWI across the plotted climate plane, not absolute696

predicted RWI or change relative to the historical baseline.697

This surface is a scalar field η over climate space, and projected climate change acts on it698

as a displacement field ∆q: each chronology is carried from its baseline position (start) to its699

future position (end). The impact of climate change is the change in the scalar field along this700

displacement,701

∆η = η(end)− η(start) ≈ ∇η ·∆q, (12)

so it depends on both the local gradient of the surface and the direction and length of the702

displacement. This makes impact distinct from sensitivity, the gradient alone: a location may703

sit on a steep part of the surface yet move little, or move far along a nearly flat direction.704

We evaluated the displacement field by binning the projected movements of the underlying705

chronologies in baseline climate space and, on each surface, show the mean displacement per bin706

together with the response change it produces (Fig. 5). The displacement field is a summary:707

the same point in climate space can be occupied by chronologies from different regions projected708

to experience different climate change, so their displacements differ, and the underlying unit709
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remains the individual chronology.710

Because the surfaces are evaluated over a full grid, they extend into climate combinations711

the model was not trained on, where predictions flatten as the model saturates rather than712

extrapolating steeply (consistent with the out-of-domain screening above). We therefore overlay713

the observed baseline climate states on each surface, so the sampled region of climate space —714

where the surface is supported by data — is visible, and the surface should not be read where715

no points fall.716

The main text shows selected surfaces; the full set of pairwise surfaces among the twelve717

predictors, and regional breakdowns of the leading pairs, are shown in Figs. S14–S24.718

Data and code availability719

The tree-ring chronologies analysed in this study are publicly available from the International720

Tree-Ring Data Bank (39) and the European beech network of Klesse et al. (29). Observed721

and projected climate data are publicly available from CRU TS v4.09 (21) and NEX-GDDP-722

CMIP6 (48, 47), respectively. The derived data underlying each figure, together with the code723

to reproduce the analyses and figures, will be made available on GitHub and archived on Zenodo724

with a permanent DOI upon publication.725
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carbon sequestration measured from tree rings is coherent with net ecosystem productivity734

at five eddy-covariance sites. New Phytologist, 201(4):1289–1303, 2014.735

[3] Flurin Babst, Paul Bodesheim, Noah Charney, Andrew D. Friend, Martin P. Girardin,736

Stefan Klesse, David J. P. Moore, Kristina Seftigen, Jesper Björklund, Olivier Bouriaud,737

Andria Dawson, R. Justin DeRose, Michael C. Dietze, Annemarie H. Eckes, Brian Enquist,738

David C. Frank, Miguel D. Mahecha, Benjamin Poulter, Sydne Record, Valerie Trouet,739

Rachael H. Turton, Zhen Zhang, and Margaret E. K. Evans. When tree rings go global:740

Challenges and opportunities for retro- and prospective insight. Quaternary Science Re-741

views, 197:1–20, 2018. doi: 10.1016/j.quascirev.2018.07.009.742

[4] Flurin Babst, Olivier Bouriaud, Benjamin Poulter, Valerie Trouet, Martin P. Girardin, and743

David C. Frank. Twentieth century redistribution in climatic drivers of global tree growth.744

Science Advances, 5(1):eaat4313, 2019. doi: 10.1126/sciadv.aat4313.745

[5] Yoav Benjamini and Yosef Hochberg. Controlling the false discovery rate: a practical and746

powerful approach to multiple testing. Journal of the Royal statistical society: series B747

(Methodological), 57(1):289–300, 1995.748

22



[6] Gordon B Bonan. Forests and climate change: forcings, feedbacks, and the climate benefits749

of forests. science, 320(5882):1444–1449, 2008.750

[7] Roel J. W. Brienen, Lisa Caldwell, Louis Duchesne, Steven Voelker, Jonathan Barichivich,751
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Supplementary Information917

S1 Supplementary Equations918

vapor pressure deficit calculation919

Vapor pressure deficit (VPD) was calculated from maximum temperature and atmospheric vapor920

pressure. Saturation vapor pressure was computed using a Bolton-style formulation,921

es(Tmax) = 6.112 exp

(
17.67Tmax

Tmax + 243.5

)
, (S1)

where Tmax is monthly maximum temperature in ◦C and es is the saturated atmospheric vapor922

pressure in hPa. For observed CRU TS data, VPD was then calculated as923

VPD = 0.1 max [es(Tmax)− ea, 0] , (S2)

where ea is CRU TS vapor pressure in hPa and the factor 0.1 converts hPa to kPa.924

For NEX-GDDP-CMIP6 projections, daily VPD was calculated from daily maximum tem-925

perature and near-surface relative humidity RH as926

VPDm,d = 0.1 max

[
es(Tmax,m,d)

(
1−

RHm,d

100

)
, 0

]
, (S3)

where m indexes climate models and d indexes days. Relative humidity was clipped to the927

interval 0–100% before calculating VPD. Daily VPD values were averaged to monthly means928

before bias correction and seasonal aggregation.929

S2 Supplementary Tables and Figures930

Table S1: CMIP6 models used in the projection ensemble. The twelve CMIP6 general
circulation models whose NEX-GDDP-CMIP6 downscaled projections were used under SSP2-4.5
and SSP5-8.5. Variant labels give the CMIP6 realization-initialization-physics-forcing member
used. Projected growth responses are summarized as the median across these models.

931

932

933

934935

Model Variant

ACCESS-CM2 r1i1p1f1
CanESM5 r1i1p1f1
CNRM-CM6-1 r1i1p1f2
EC-Earth3 r1i1p1f1
FGOALS-g3 r3i1p1f1
GFDL-ESM4 r1i1p1f1
IPSL-CM6A-LR r1i1p1f1
MIROC6 r1i1p1f1
MPI-ESM1-2-LR r1i1p1f1
MRI-ESM2-0 r1i1p1f1
NorESM2-MM r1i1p1f1
UKESM1-0-LL r1i1p1f2

936
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Table S2: Model inputs, data partitioning and fitted XGBoost configuration. Predic-
tors, chronological train/validation/test split, and the hyperparameters of the selected XGBoost
model, chosen by validation RMSE from 48 sampled configurations (Methods). Predictor win-
dows are three-month summaries denoted by their first month.

937

938

939

940941

Item942 Detail943

Target944 Annual ring-width index (RWI), log-transformed.945

Climate predictors946 Maximum temperature: current-year T1–3 and T4–6;
previous-year T7–9 and T10–12.
Precipitation: current-year P1–3 and P4–6; previous-year P7–9

and P10–12.
VPD: current-year D1–3 and D4–6; previous-year D7–9 and
D10–12.

947

948

949

950

951

952

Context predictors953 Chronology identity, species identity, elevation and previous-year
log RWI.

954

955

Data partitioning956 Training: 1902–1980; 278,691 observations (77.2%).
Validation: 1982–1990; 31,385 observations (8.7%).
Testing: 1992–2024; 50,849 observations (14.1%).

957

958

959

Boosting960 1,431 rounds; learning rate = 0.030608.961

Tree structure962 Histogram tree method; maximum depth = 8; minimum child
weight = 8; maximum bin count = 512.

963

964

Sampling965 Row subsample = 0.878678; column subsample = 0.737010.966

Regularization967 L1 = 1.223213; L2 = 0.769702; γ = 0.015007.968

Objective and seed969 Squared-error objective; seed = 20260442.970

971
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Table S3: AR6 regional magnitude summary for the late-century period (2071–2100).
For each represented IPCC AR6 reference region: the number of occupied 1◦ grid cells and
the number of chronologies they contain, and, for each scenario, the percentage of mapped
cells outside the training climate domain (OOD), the median predicted change in ring-width
index relative to the 1902–1980 baseline (%∆RWI), and the number of in-domain statistically
significant cells with negative and positive change (neg./pos.). A dash indicates no in-domain
cells remained. The seven regions with at least 95 occupied cells (bold) are summarized in the
main text.

972

973

974

975

976

977

978

979980

SSP2-4.5 SSP5-8.5

Region Name Cells Chronologies OOD% Median neg./pos. OOD% Median neg./pos.

WNA W. North America 185 917 15.1 −0.4 27/17 45.9 −0.9 17/11

WCE W. & C. Europe 161 1042 1.9 −2.5 87/4 7.5 −6.2 127/2

NWN N.W. North America 151 417 6.6 −0.8 59/20 12.6 −3.1 92/15

ENA E. North America 130 374 10.0 −0.1 13/28 29.2 −0.9 33/15

MED Mediterranean 126 414 4.0 −4.2 107/1 51.6 −7.7 61/0

NEU N. Europe 108 224 3.7 −0.0 31/29 4.6 −1.6 52/23

CNA C. North America 95 262 25.3 −1.2 12/0 65.3 −3.8 20/0

NCA N. Central America 45 129 68.9 −10.7 11/0 95.6 −8.5 2/0

ESB E. Siberia 37 44 0.0 −4.6 26/0 10.8 −7.4 28/0

NEN N.E. North America 25 48 0.0 −3.6 23/0 0.0 −5.4 24/0

TIB Tibetan Plateau 22 62 27.3 0.3 3/6 50.0 2.7 0/8

EEU E. Europe 21 34 9.5 −6.1 16/0 52.4 −8.2 8/0

RAR Russian Arctic 16 22 0.0 0.2 3/3 0.0 −0.8 6/2

ECA E. Central Asia 13 27 0.0 −0.3 2/5 7.7 −2.8 7/3

WCA W. Central Asia 12 47 0.0 −0.9 5/0 25.0 −4.4 6/1

WSB W. Siberia 10 19 10.0 −1.8 5/0 10.0 −3.5 9/0

RFE Russian Far East 5 11 0.0 −1.7 4/0 20.0 −3.9 4/0

SAS S. Asia 4 5 25.0 −0.2 1/1 50.0 0.4 0/1

SCA S. Central America 4 11 75.0 −10.2 1/0 100.0 — 0/0

EAS E. Asia 1 1 0.0 0.2 0/0 0.0 1.8 0/1
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Figure S1: Projected declines are amplified under the high-forcing SSP5-8.5 scenario.
As Fig. 2, but for SSP5-8.5. The decreases and broadening are stronger than under SSP2-4.5:
the median falls further, the upper quartile drops below zero, and out-of-domain climate becomes
more widespread by late century. Panels, encoding, and the temperature scale match Fig. 2.
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Figure S2: The projected response distribution broadens within individual CMIP6
models. Spatial interquartile range (IQR) of predicted RWI change across in-domain 1◦ grid
cells, in the same rolling 30-year windows as Fig. 2, for SSP2-4.5 and SSP5-8.5. For each model,
grid-cell change is the median predicted RWI change relative to the 1902–1980 baseline after
aggregating chronologies within cells; the spatial IQR is then taken across cells. Thin gray lines
are the individual CMIP6 models, the blue line their median and the blue band their 25th–75th
percentile range, and the black line is the ensemble-median field used in Fig. 2a. Cells outside
the climate domain are excluded using the same mask as Fig. 2; no FDR filtering is applied,
so the panel describes the full in-domain distribution. The spatial spread increases through the
century within individual models under both scenarios, so the broadening in Fig. 2a does not
arise from combining divergent models into the ensemble.
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Figure S3: The retention asymmetry holds within a fixed 50-year cohort, ruling out a
denominator artifact. Fraction of cells still on their first-entry side as a function of time since
first entry, for positive and negative entries, restricted to the fixed cohort of cells that could be
followed in-domain for the full 50 years after entry. Unlike the dynamic matched-horizon curves
in Fig. 3c, the same cells are used at every horizon from 1 to 50 years, so the denominator
does not change; out-of-domain states are not frozen, and cells entering too late for a 50-year
follow-up before 2100 are excluded. Line style distinguishes the two scenarios, as indicated in
the legend. Within this constant cohort the gap between negative and positive retention still
widens with time since entry, reaching 34 and 50 percentage points by 50 years under SSP2-4.5
and SSP5-8.5, reproducing the divergence of the dynamic analysis and confirming it is not driven
by the changing denominator.
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Figure S4: An increasing fraction of the network moves outside the training climate
domain, especially under SSP5-8.5. Percentage of mapped 1◦ grid cells classified as out-
of-domain, in the same rolling 30-year windows as Fig. 2, using the same climate-space mask,
which flags cells whose projected climate is poorly represented in the training data. The solid
line is SSP2-4.5 and the dashed line SSP5-8.5. The out-of-domain fraction stays low through
the observed CRU TS period and rises under the CMIP6 projections, reaching its largest values
late in the century under SSP5-8.5.
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Figure S5: The retention asymmetry strengthens under the high-forcing SSP5-8.5
scenario. As Fig. 3, but for SSP5-8.5. The gap between negative and positive retention
widens: almost no negative state reverts, while a larger share of positive states fades to neutral,
and downward crossings between signs increase. Panels, state definition, and encoding match
Fig. 3.
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Figure S6: Under SSP5-8.5, surviving gains depend increasingly on water supply
as the warming–demand contribution turns more negative. As Fig. 4, but for SSP5-
8.5. The warming–demand contribution is negative over a larger share of the network, and
among the responses that remain positive, the supply-driven share rises at the expense of co-
enhancement, so gains rest increasingly on water supply alone. Panels, driver decomposition,
regime definitions, and encoding match Fig. 4.
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Figure S7: Projected changes in climate attribution are led by maximum temperature
and VPD. For each climate predictor, the late-century ∆SHAP is the baseline-relative change
in its SHAP contribution, summed in absolute value across chronologies (median across models).
Unlike the absolute importance in Fig. S10, which reflects the fitted model as it stands, this
measures which predictors drive the change in growth under future climate. (a) Cumulative
share of the total absolute ∆SHAP captured by the top-ranked predictors, for SSP2-4.5 and
SSP5-8.5. The four leading predictors account for about half of the total under both scenarios
(53% under SSP2-4.5, 52% under SSP5-8.5), and the top eight for about 80%. (b, c) Family-level
composition for SSP2-4.5 and SSP5-8.5. Each bar sums the four windows of a predictor family,
with blocks ordered by window as in the legend; numbers inside blocks give each predictor’s rank
by total absolute ∆SHAP. Maximum temperature contributes the largest share of the projected
change, followed by precipitation and VPD, with previous-year T7–9 the single largest predictor
under both scenarios.
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Figure S8: Held-out observed versus predicted growth. Each point is one held-out
chronology-year observation from the 1992–2024 test set: the x axis is observed log-RWI and the
y axis is model-predicted log-RWI for the same observation. The dashed line marks one-to-one
agreement, and contour lines show the density of observations in the point cloud. The column
of observed values near log(RWI) ≈ −3 corresponds to near-zero RWI observations set to the
floor RWI = 0.05 before the log transform (Methods). Across 50,849 held-out observations,
the model explained 25.7% of annual log-RWI variation (R2 = 0.257; RMSE = 0.257; Pearson
r = 0.511).
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Figure S9: Predictive skill rests on a learned climate response. The 12 climate predic-
tors were permuted together as intact climate rows, preserving realistic within-year covariance
among them while removing their correspondence to each chronology-year’s growth; the context
predictors (species, elevation and chronology identity) and lag-1 growth were left untouched.
For each permutation the full model was retrained on the permuted data, so each of the 1,000
nulls is a model given every opportunity to fit the shuffled dataset. The null distribution had
mean test R2 = 0.023 (s.d. 0.003), whereas the observed model achieved R2 = 0.257, and no
permutation approached the observed value (P < 0.001). Skill emerges only when climate and
growth retain their real correspondence, showing that the model’s predictions rest on a learned
climate response.
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Figure S10: Precipitation is the model’s largest contributor to fitted-model predic-
tions. We measure each predictor’s importance on the held-out test split as its mean absolute
SHAP value — how much, on average, it moves the model’s prediction. This importance is a
property of the fitted model as it stands, and is distinct from the projected change in attribu-
tion (∆SHAP; Fig. S7) analyzed in the main results: one measures which predictors the model
relies on, the other which predictors drive the change under future climate. (a) Importance
by predictor, with the twelve climate predictors summed within their precipitation, maximum-
temperature and VPD families and shown alongside lag-1 growth and the context predictors
(chronology identity, species and elevation). Precipitation is the largest single contributor, fol-
lowed by lag-1 growth. (b) Importance of the twelve individual climate predictors, grouped by
family with the four windows of each in calendar order.

1063

1064

1065

1066

1067

1068

1069

1070

1071

1072

10731074

T 1
−
3

T 4
−
6

T 7
−
9

T 1
0−

12
D 1

−
3

D 4
−
6

D 7
−
9

D 1
0−

12
P 1

−
3

P 4
−
6

P 7
−
9

P 1
0−

12
El

ev
at

ion
log

(R
W

I t−
1)

T1−3

T4−6

T7−9

T10−12

D1−3

D4−6

D7−9

D10−12

P1−3

P4−6

P7−9

P10−12

Elevation

log(RWIt−1)

a

0.4 0.6 0.8 1.0 1.2 1.4
Lag-1 RWI

−40

−30

−20

−10

0

10

20

30

SH
AP

 e
ffe

ct
 o

n 
R

W
I (

%
)

b

Savitzky-Golay smooth
zero crossing = 0.969

−1.00

−0.75

−0.50

−0.25

0.00

0.25

0.50

0.75

1.00

Pe
ar

so
n 

co
rre

la
tio

n

1075

Figure S11: Lag-1 growth is weakly correlated with climate predictors and has near-
neutral SHAP contribution at typical previous-year growth. These two properties
support setting lag-1 growth to its neutral value when projecting the climate response (Methods,
“Projecting climate-driven growth responses”). (a) Ordered Pearson correlation matrix for
the numeric model predictors. The outlined row and column mark previous-year log RWI; its
correlations with the 12 climate predictors are small, with maximum |r| = 0.052. (b) Held-out
SHAP dependence for the lag-1 RWI term. Points are individual held-out observations, and the
orange curve is a Savitzky–Golay smooth of binned median SHAP effects. The smooth crosses
zero at RWIt−1 = 0.969, close to the neutral value RWIt−1 = 1, so the lag-1 term contributes
negligibly near neutral previous-year growth.
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Figure S12: The chronology network is geographically uneven, concentrated in North
America and Europe. Number of the 4,110 study chronologies per 1◦ grid cell, with color
showing binned chronology counts from sparsely sampled cells to dense clusters. This uneven
sampling motivates summarizing results at the grid-cell level, which prevents densely sampled
regions from dominating the maps and distributions (Methods).
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Figure S13: The model reproduces within-chronology growth contrasts but under-
states their magnitude. This figure tests whether the model can tell a chronology’s good
growth years from its bad ones on the basis of climate alone. For each chronology, the model’s
climate-driven predictions single out which years should be favorable for growth and which un-
favorable. If it has learned a real climate response, the tree should have grown more in the
favorable years than in the unfavorable ones. We measure how much growth actually differed
between the two sets of years (the observed contrast, y axis) and how much the model predicted
it should differ (the predicted contrast, x axis); each point is one chronology. The dashed line
is one-to-one agreement and the solid line the fitted relationship. Across 2,541 chronologies the
predicted and observed contrasts are correlated (r = 0.80, P < 0.001): where the model predicts
a larger climate-driven difference between good and bad years, the tree’s growth actually differed
more. The fitted slope of 1.54 shows the observed differences exceed those the model predicts,
so the model captures the pattern of climate-driven growth but understates its magnitude.
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Figure S14: Index of all pairwise climate–tree-growth response surfaces. Thumbnail
response surfaces for every pairwise combination of the twelve climate predictors, arranged as
a lower-triangle matrix. Each thumbnail shows the model’s learned growth response over that
predictor pair (color) with the observed baseline climate states overlaid (points), together in-
dicating which pairwise relationships the model learned and where each is supported by data.
The numbered cells index the full-size versions in Figs. S15–S18, where projected climate dis-
placements are added as arrows. Surfaces are read as in Fig. 5.
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Figure S15: Pairwise climate–tree-growth response surfaces, panels 01–16. Full-size
response surfaces for the predictor pairs indexed in Fig. S14. As in Fig. 5, background color
is the model’s growth response over the two predictors with contour lines marking levels of
equal predicted growth, points are observed baseline climate states marking where the surface is
supported by data, and arrows run from the mean baseline to the mean projected late-century
climate (SSP2-4.5) of the chronologies in each patch of climate space, colored by the growth
change along the move. Histograms above each surface show the distribution of these changes.
The surfaces are read through the arrows and how they meet the contours, not the absolute
shading.
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Figure S16: Pairwise climate–tree-growth response surfaces, panels 17–32. Same as
Fig. S15, for panels 17–32.
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Figure S17: Pairwise climate–tree-growth response surfaces, panels 33–48. Same as
Fig. S15, for panels 33–48.
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Figure S18: Pairwise climate–tree-growth response surfaces, panels 49–66. Same as
Fig. S15, for panels 49–66. 46



NWN  n=408

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

WNA  n=916 CNA  n=262 ENA  n=368

NEU  n=215

0 100 200 300 400 500

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

WCE  n=1042

0 100 200 300 400 500

MED  n=414

0 100 200 300 400 500

−10 0 10
model response (% RWI)

−5 0 5
impact (% RWI)

(a) VPD 4–6 x P 4–6

P 4–6 (mm)

VP
D

 4
–6

 (k
Pa

)

1137

Figure S19: Regional response surfaces for P4–6 and D4–6. In Fig. 5, only the P4–6–D4–6

surface (panel a) is broken down by region; the other pairs are shown with their arrows pooled
across the network. A pooled arrow summarizes a whole patch of climate space at once, so it
can merge chronologies from different regions that are projected to experience different climate
change and move in different directions from the same starting point. This set of six figures
(Figs. S19–S24) therefore shows all pairwise combinations of the four leading predictors (P4–6,
D4–6, T7–9 and T10–12) broken down by region, so these region-to-region differences are visible.
This figure shows the P4–6–D4–6 surface for each well-sampled AR6 region, expanding Fig. 5a.
Points, arrows and histograms are read as in Fig. S15.
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Figure S20: Regional response surfaces for P4–6 and T7–9. As Fig. S19, for the P4–6–T7–9

predictor pair.
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Figure S21: Regional response surfaces for P4–6 and T10–12. As Fig. S19, for the P4–6–
T10–12 predictor pair.
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Figure S22: Regional response surfaces for D4–6 and T7–9. As Fig. S19, for the D4–6–T7–9

predictor pair.
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Figure S23: Regional response surfaces for D4–6 and T10–12. As Fig. S19, for the D4–6–
T10–12 predictor pair.
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Figure S24: Regional response surfaces for T7–9 and T10–12. As Fig. S19, for the T7–9–
T10–12 predictor pair.
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