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Abstract

Structurally intact tropical forests sequestered ~50% of global terrestrial carbon uptake over
the 1990s and early 2000s, offsetting ~15% of anthropogenic CO; emissions'. Climate-driven
vegetation models typically predict that this tropical forest ‘carbon sink’ will continue for
decades*. However, recent inventories of intact Amazonian forests show declining carbon
sequestration®. Here, we assess the trends in African forests and compare with Amazonia.
Records from 244 multi-census plots spanning 11 countries reveal that the carbon sink in
aboveground live biomass in intact African tropical forests has been stable for the three decades
to 2015, at 0.66 Mg C ha! yr! (95% CI: 0.53-0.79). Thus, the carbon sink responses of Earth’s
two largest expanses of tropical forest have diverged. As both continents show increasing tree
growth (consistent with the expected net effect of rising atmospheric CO; and air temperature
on photosynthesis and respiration’), the divergence arises from differences in carbon losses from
tree mortality (no detectable multi-decadal trend in Africa; monotonic increase in Amazonia).
Despite the past stability of the African carbon sink, our data suggest a very recent (c. 2010)
increase in carbon losses, delayed compared to Amazonia, indicating asynchronous carbon sink
saturation on the two continents. A statistical model including CO», temperature, drought, and
forest dynamics can account for the observed trends. Extrapolating these predictor variables
indicates a long-term decline in the African sink, being 18% smaller in 2030, while the
Amazonian sink continues to rapidly weaken, reaching zero in the 2030s. Overall, the uptake of
carbon into Earth’s intact tropical forests peaked in the 1990s. Furthermore, this tropical sink
is set to end decades sooner than even the most pessimistic vegetation models predict*S.
Observations indicating greater recent carbon uptake into the Northern hemisphere landmass®

reinforce our conclusion that the intact tropical forest carbon sink has already saturated.
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Main text
Tropical forests account for one-third of Earth’s terrestrial Gross Primary Productivity and half of
Earth’s carbon stored in terrestrial vegetation®. Thus, small biome-wide changes in tree growth and

mortality can have global impacts, either buffering or exacerbating the increase in atmospheric COs.

11-13 3,14

Models*>”1°, ground-based observations!!"!3, airborne atmospheric CO, measurements®!*, inferences

from remotely sensed data!®, and synthetic approaches®!6:!7

each suggest that, after accounting for
land-use change, remaining structurally intact tropical forests (i.e. not impacted by logging or fire) are
increasing in carbon stocks. This structurally intact tropical forest ‘carbon sink’ is estimated at 1.2 Pg
C yr'! over 1990-2007 using inventory plot measurements!. Yet, despite its policy relevance, changes

in this key carbon sink remain highly uncertain'®!°,

Rising CO: concentrations are thought to have boosted photosynthesis more than rising air
temperatures have enhanced respiration, resulting in an increasing global terrestrial carbon sink?7-16-29,
Yet, for Amazonia, recent results from repeated censuses of intact forest inventory plots show a
progressive two-decade decline in sink strength primarily due to an increase of carbon losses from tree

mortality®. It is unclear if this simply reflects region-specific drought impacts?!-2

, or potentially
chronic pan-tropical impacts of either heat-related tree mortality?? or internal forest dynamics resulting
from past increases in carbon gains leaving the system?*. A more recent deceleration of the rate of
increase in carbon gains from tree growth is also contributing to the declining sink®. Again, it is not
known if this is a result of either pan-tropical CO; fertilisation saturation or rising air temperatures, or
is merely a regional drought impact. To address these uncertainties, we (i) analyze an unprecedented
long-term inventory dataset from Africa, (ii) pool the new African and existing Amazonian records

together to investigate the putative environmental drivers of changes in the tropical forest carbon sink,

and (iii) project its likely future evolution.
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We collected, compiled and analysed data from structurally intact old-growth forests from the African
Tropical Rainforest Observation Network?® (217 plots) and other sources (27 plots) spanning the
period 1968 to 2015 (Extended Data Figure 1). In each plot (mean size, 1.1 ha), all trees >100 mm in
stem diameter were identified, mapped and measured on at least two occasions using standardized
methods (135,625 trees monitored) and live biomass carbon stocks were estimated for each census

date, with carbon gains and losses calculated for each interval (Extended Data Figure 2).

We detect no long-term trend in the per unit area African tropical forest carbon sink over three decades
to 2015 (Figure 1). The aboveground live biomass sink averaged 0.66 Mg C ha™! yr! (95% CI: 0.53-
0.79; n=244) and was significantly greater than zero for every year since 1990 (Figure 1). While very
similar to past reports'! (0.63 Mg C ha™! yr!), this first estimate of the temporal trend in Africa contrasts
with the Amazonian trend® (Figure 1). A linear mixed effect model shows a significant difference in
the slopes of the sink trends for the two continents over the common time window (1983-2011.5;
p=0.017). Thus, the per unit area sink strength of the two largest expanses of tropical forest on Earth

have diverged.

The proximal cause of the divergent sink patterns is a significant increase in carbon losses (from tree
mortality) in Amazonian forests, with no detectable trend over three decades in African forests (Figure
1). A linear mixed effects model shows a significant difference in slopes of carbon losses between the
two continents over the common time window (p=0.027). Long-term trends in carbon gains (tree
growth and newly recruited trees) are similar: we could detect no difference between the continents
(Figure 1b; p=0.348). However, an assessment of how underlying environmental drivers affect carbon

gains and losses is needed to understand the ultimate causes of the divergent sink patterns.
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A linear mixed effects model of carbon gains, with censuses nested within plots, and pooling the new
African and published Amazonian data, shows a significant positive relationship with CO2, and
significant negative relationships with mean annual temperature (MAT) and drought (measured as the
Maximum Climatological Water Deficit, MCWD'2; Figure 2; Extended Data Table 1). These results
are consistent with a positive CO> fertilization effect, and negative effects of higher temperatures and
drought on tree growth, consistent with temperature-dependent increases in autotrophic respiration,
and temperature- and drought-dependent reductions in carbon assimilation. By contrast the equivalent

model for carbon losses shows no significant relationships with CO2, MAT or MCWD.

We further investigate the responses of carbon gains and losses (for which the above analysis has no
explanatory power) by expanding our potential explanatory variables to include the environmental
conditions during the census interval (CO2, MAT and MCWD), the change in these conditions (CO»-
change, MAT-change, MCWD-change, see Extended Data Figure 3 for calculation details), and two
forest attributes that may influence their response to the same environmental change: plot mean wood
density (which in old-growth forests correlates with resource availability?¢27), and the plot carbon
residence time (which measures how long fixed carbon remains in the system, hence dictates when

past increases in carbon gains leave the system as elevated carbon losses?®).

The minimum adequate carbon gain model has a positive relationship with CO;-change, and negative
relationships with MAT, MAT-change, MCWD, and wood density (Table 2). The retention of both
MAT and MAT-change suggests that higher temperatures correspond to lower tree growth, and that
trees only partially acclimate to recently rising temperatures, which further reduces growth, consistent
with warming experiments®® and observations®’. Given that lower carbon gains are related to higher

wood density (Extended Data Figure 4) which shows no temporal trend (Extended Data Figure 5)

10
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together suggests that old-growth forests with denser-wooded tree communities typically have fewer

available resources, consistent with expectations®*2°,

The minimum adequate carbon gain model using our expanded explanatory variables also highlights
continental differences. In Africa, from 2000 to 2015, carbon gains increased by 3.64% from CO»-
change, but temperature rises led to a decline in gains of 0.24% (MAT and MAT-change together),
and increasing droughts further depleted gains by 0.51% (Table 2). For Amazonia, from 2000 to 2015,
gains increased by 3.68% due to CO»-change (as in Africa), but temperature increases reduced gains
by 1.44% (six times the impact in Africa) while increasing droughts—and these forests’ greater
sensitivity to drought—further reduced gains by 2.47% (five times the impact in Africa; Table 2).
Thus, the recent deceleration of carbon gains increase in Amazonia® is a response to drought and
temperature and not due to unexpected saturation of CO> fertilisation. Overall, the larger increase in
gains in Africa relative to Amazonia appear to be driven by slower warming, fewer droughts, lower
forest sensitivity to droughts, and overall lower temperatures (African forests are on average 1.1°C

cooler than Amazonian forests, as they typically grow at ~200 m higher elevation).

The minimum adequate carbon loss model using our expanded explanatory variables shows higher
losses with CO»-change and MAT-change, and lower losses with MCWD and the carbon residence
time (CRT; Table 2). Changes in carbon losses appear to be largely a function of carbon gains. Firstly,
the greater losses in forests with shorter CRT conform to a ‘high-gain high-loss’ forest dynamics
pattern?*. Secondly, wetter plots have a longer growing season and so have higher gains and
correspondingly higher losses, explaining the negative relationship with MCWD. Finally, as CO>
results in additional carbon gains, after some time these additional past gains leave the system resulting
in greater carbon losses, explaining the positive relationship with COz-change. In addition to these

relationships with carbon gains, the inclusion of MAT-change (p<0.001) indicates heat- or Vapour

11
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Pressure Deficit-induced tree mortality>>. Overall, our results imply that chronic long-term
environmental change factors, temperature and CO», rather than simply the direct effects of drought,

underlie longer-term trends in tropical forest tree mortality.

The minimum adequate carbon loss model using our expanded explanatory variables replicates the
divergent continental trends (Figure 3). The higher loss rates in Amazonia reflect the shorter CRT of
Amazonian (56 yrs, 95% CI, 54-59) compared to African forests (69 yrs, 95% CI, 66-72), while the
greater increase in loss rates in Amazonia results from faster warming and a shortening of CRT, which
has been stable in African forests (Extended Data Figure 5). Furthermore, given that losses appear to
lag behind gains they should relate to CRT. This is what we find: the longer the CRT the smaller the
increase in carbon losses, with no increase in losses for plots with CRT >77 years (Extended Data
Figure 6). Consequently, due to the typically longer residence times of African forests, increasing
losses in Africa ought to appear 10-15 years after the increase in Amazon losses began (c.1995).
Strikingly, in Africa the most recently monitored plots suggest that losses began increasing from
¢.2010 (Extended Data Figure 7), and plots with shorter CRT are driving the increase (Extended Data

Figure 8).

Finally, our carbon gain and loss models can be used to estimate the future size of the per unit area
intact forest carbon sink. Extrapolations of the changes in the predictor variables from 1983-2015
forward to 2040 (Extended Data Figure 5) show declines in the sink on both continents. By 2030 the
carbon sink in aboveground live biomass in intact African tropical forest is predicted to decline from
its 2010-15 mean by 18% (1o range, 6-39%), to 0.54 Mg C ha! yr! (1o range, 0.39-0.65). The Amazon
sink is predicted to reach zero in 2034 (1o range, 2023-2055; Figure 3). Thus, the carbon sink strength

of the world’s two most extensive tropical forests have now saturated, albeit asynchronously.

12



295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

This is a preprint version of this article. The final published version may differ. Please contact library@wcs.org for more information.

Together, our measurements and analyses signify that Earth recently passed the point of peak carbon
sequestration into intact tropical forests (Table 1). The continental sink in Amazonia peaked in the
1990s and has declined since, driven by both reduced sink strength and forest area (Table 1; see
Extended Data Table 2 for forest area). The African sink also peaked in the 1990s. In the 2000-10
decade the per ha sink peaked but was more than countered by continued forest area decline (Table 1).
Including the modest uptake in the much smaller area of Asian tropical forest indicates that total pan-
tropical carbon uptake peaked in the 1990s (Table 1). Given that the global terrestrial carbon sink has
continued to increase, our results strongly imply that the extra-tropical terrestrial carbon sink has
increased over the past two decades. Independent inter-hemispheric analyses of atmospheric CO2 show

Northern hemisphere forests have increased uptake over this time period®.

In summary, while intact tropical forests remain key centres of biodiversity and major stores of carbon,
our results show that their ability to sequester additional carbon is waning. Although tropical forests
are more immediately threatened by deforestation and degradation, our analyses show that they are
impacted by climate change. Given that no climate-driven vegetation model shows that peak net carbon
uptake into intact tropical forests has already been passed*?, our analyses suggest that climate change
impacts in the tropics may become more severe than predicted. Our findings also have political
implications: as tropical forests are likely to sequester less carbon in the future than Earth System
Models predict, an earlier date to reach net zero anthropogenic greenhouse gas emissions will be

required to meet any given commitment to limit the global heating of Earth.

Acknowledgements

This paper is a product of the African Tropical Rainforest Observatory Network (AfriTRON), which
only exists thanks to the kind support of governments, local administrations and villages across Africa

who have given us permission for, and helped us complete, our fieldwork. We thank those in the places

13



320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

This is a preprint version of this article. The final published version may differ. Please contact library@wcs.org for more information.

we worked in Sierra Leone (Barrie, Gaura, Koya, Makpele, Malema, Nomo, Tunkia, Gola Rainforest
National Park), Liberia (Garley town, River Gbeh, Glaro Freetown), Ghana (Asenanyo, Boekrom,
Dadieso, Enchi, Dabiasem, Mangowase), Gabon (Ekobakoba, Mikongo, Babilone, Makokou,
Leke/Moyabi Rougier Forestry Concession, Ivindo National Park, Lope National Park, Ipassa station,
Kingele station, Tchimbele, Mondah, Ebe, Ekouk, Oveng, Sette Cama, Waka National Park),
Cameroon (Nazareth, Lomi¢, Djomédjo, Alat-Makay, Somolomo, Deng Deng, Ejagham, Eyumojok,
Mbakaou, Myere, Nguti, Bejange, Kekpane, Basho, Mendhi, Matene, Mboh, Takamanda, Obonyi,
Ngoila), Democratic Republic of Congo (Yoko, Yangambi, Monkoto) and Republic of Congo
(Bomassa, Ekolongouma, Bolembe, Mbeli, Makao, Kabo, Niangui, Ngubu, Goualaki, Essimbi) for
enabling the completion of censuses published for the first time here. For logistical and institutional
support we thank the Forestry Department of the Government of Sierra Leone, the Conservation
Society of Sierra Leone, the Royal Society for the Protection of Birds (RSPB), The Service de
Coopération et d’Actions Culturelles (SCAC/MAE), Agence Francaise de Développement (AFD),
University of Bangui, Société Centrafricaine de Déroulage (SCAD), Institut National pour I’Etude et
la Recherche Agronomiques en R. D. Congo (INERA), Ecole Régionale Postuniversitaire
d’Aménagement et de Gestion intégrés des Foréts et Territoires tropicaux (ERAIFT Kinshasa), the
Ministére des Eaux et Foréts (République du Congo), the Ministére de la Rercherche Scientifique et
de I’Innovation Technologique (République du Congo), the Nouabalé-Ndoki Foundation, WWF-D. R.
Congo, Uganda Forest Department and the institutions of the co-authors. We thank the Centre de
Coopération Internationale en Recherche Agronomique pour le Développement (CIRAD), the
Tropical Ecology Assessment and Monitoring Network (TEAM), and the Forest Global Earth
Observatory Network (ForestGEO) for access to data. Funding of AfriTRON data collection and this
analysis: Natural Environment Research Council, the Royal Society, the Leverhulme Trust, the
European Union FP7 GEOCARBON grant (to S.L.L), a Wolfson Merit Award (to O.P.P), and a

European Research Council Advanced Grant to (O.L.P. and S.L.L. No. 291585; Tropical Forests in

14



345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

This is a preprint version of this article. The final published version may differ. Please contact library@wcs.org for more information.

the Changing Earth System, T-FORCES). W.H. was funded by T-FORCES and the Brain program of
the Belgian Federal Government (BR/132/A1/AFRIFORD and BR/143/A3/HERBAXYLAREDD). A

full list of acknowledgements is in Supplementary Notes.

Author Contributions

S.L.L. conceived the study and the AfriTRON forest plot re-census program. W.H., S.L.L., and O.L.P.
developed the study. All authors, except M.S., R.B., E.G., A.L., G.L.-G., A.E.-M., AK. and G.P.,
contributed data. W.H., M.S., S.L.L.,, O.L.P., R.B., A.L. GL.-G., A.E.-M., A K. and G.P. contributed
analysis tools. W.H. and S.L.L. analysed the data. S.L.L. and W.H. wrote the paper, with all co-authors

contributing to the manuscript.

Author Information (Materials & Correspondence)

Correspondence and requests for materials should be addressed to W.H. (w.hubau@gmail.com).

Competing interests

The authors declare no competing financial interests.

Data and code availability

Source data and R-code to generate figures and tables are available from:

https://figshare.com/s/60f48673202283421{43.

15



366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

This is a preprint version of this article. The final published version may differ. Please contact library@wcs.org for more information.

Figures and Tables
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Figure 1. Long-term carbon dynamics of structurally intact tropical forests in Africa (blue) and
Amazonia (brown). Trends in net aboveground live biomass carbon sink (a), carbon gains to the
system from wood production (b), and carbon losses from the system from tree mortality (¢), measured
in 244 African inventory plots (blue lines) and contrasting published® Amazonian inventory data
(brown lines; 321 plots). Shading corresponds to the 95% CI, with less transparent shading indicating
a greater number of plots monitored in that year (most transparent: minimum 25 plots monitored).

Printed slopes and p-values are from linear mixed effects models.
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Figure 2. Potential environmental drivers of carbon gains and losses in structurally intact old-
growth African and Amazonian tropical forests. The aboveground carbon gains, from woody
productivity (a-c), and aboveground carbon losses, from mortality (d-f), are plotted as time-weighted
plot-level mean values against the corresponding values of atmospheric carbon dioxide concentration
(CO»), mean annual air temperature (MAT) and drought (as Maximum Climatological Water Deficit,
MCWD), for African (blue) and Amazonian (brown) inventory plots. Linear mixed effect models were
performed with census intervals (n=1566) nested within plots (n=565), using an empirically derived
weighting based on interval length and plot area (see methods); solid lines show significant regression
lines for the complete dataset and non-significant regressions are shown as dashed lines. Transparency
of the inner part of each data point represents total monitoring length, with empty circles corresponding
to plots monitored for < 5 years and solid dots for plots monitored for >20 years. Carbon loss data are
presented untransformed for clarity; linear mixed effects models on data transformed to fit normality

assumptions do not change the significance of the results (see Extended Data Table 1).
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Figure 3. Modelled past and future carbon dynamics of structurally intact tropical forests in
Africa and Amazonia. Predictions of net aboveground live biomass carbon sink (a,d), carbon gains
(b,e), and carbon losses (¢,f), for African (left panels) and Amazonian (right panels) plot inventory
networks, based on COz-change, Mean Annual Temperature, Mean Annual Temperature-change,
drought (as Maximum Climatological Water Deficit), plot wood density and plot carbon residence
time. Model predictions are in blue (Africa) and brown (Amazon), with solid lines spanning the
window when >75% of plots were monitored to show model consistency with the observed trends, and
shading showing +1c uncertainty. Light grey lines and grey shading are from Fig.1, the mean observed

and 95% CI of the observed trends.
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Table 1. Carbon sink in intact forests in Africa, Amazonia and the pan-tropics: 1980-2015 and

predictions to 2040 (in italics). Mean values in bold; in brackets 95% bootstrapped confidence

intervals for the monitored period (1980-2015), and 2c for the predictions (2010-2040).

Period n Per unit area aboveground C sink Total Continental C sink *
(plots) (Mg C ha! yr) (Pg Cyr)
Af. Am. Africa Amazon Africa Amazon Pan-tropics

1980-1990 45 73 0.33(0.06-0.63)  0.35(0.06-0.59) 0.28 (0.05-0.53) 0.49 (0.08-0.82)  0.87 (0.17-1.53)
1990-2000 96 172 0.67(0.43-0.89)  0.53 (0.42-0.65) 0.50 (0.32-0.66) 0.68 (0.54-0.83)  1.26 (0.88-1.64)
2000-2010 194291 0.70 (0.55-0.84)  0.38 (0.26-0.48) 0.46 (0.37-0.56) 0.45(0.31-0.57)  0.99 (0.70-1.25)
2010-2015 184172 0.66 (0.40-0.91)  0.24 (0.00-0.47) 0.40 (0.24-0.56) 0.27 (0.00-0.52)  0.73 (0.26-1.18)
2010-2020 f - - 0.63(0.49-0.69) 0.23 (0.13-0.30) 0.37 (0.29-0.41) 0.25 (0.14-0.33)  0.68 (0.45-0.83)
2020-2030 f - - 0.57(0.28-0.70) 0.12 (-0.05-0.24)  0.30 (0.15-0.37) 0.12 (-0.05-0.24) 0.46 (0.11-0.68)
2030-2040 f - - 0.51(0.06-0.72) -0.02 (-0.28-0.16)  0.24 (0.03-0.34) -0.02 (-0.26-0.15) 0.25 (-0.22-0.53)

* Total Continental C sink is the per unit area aboveground C sink multiplied by intact forest area. Forest area
is from ref.! for 1990, 2000 and 2010 (i.e. the total forest area minus forest regrowth); to estimate intact forest
area for 1980, 2015, 2020, 2030 and 2040 we fitted exponential models for each continent using the 1990-2010
data. Total Continental C sink includes estimates of trees <100 mm DBH, lianas and roots, following ref.!! for
Aftica and ref.’ for Amazonia.

1 Pan-tropical total carbon sink is the sum of African, Amazonian and Southeast Asian total continental carbon
sink values. Southeast Asian values were estimated from forest area from ref.' and published per unit area carbon
sink data'? (n=49 plots) for 1990-2015, with 1980-1990 assumed to be the same as 1990-2000 due very low
sample sizes. The sink in Southeast Asia has been a modest and declining contribution to the pan-tropical sink,
at 0.12, 0.09 and 0.08 Pg C yr’' in the 1980s, 1990s, and 2000s.

1 Per unit area total C sink for 2010-2020, 2020-2030 and 2030-2040 was predicted using parameters from
Table 2, except for the sink in Asia we assumed the parameters as for Aftrica, as Asian forest median CRT is 61

years, close to African median, 63 years.
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458  Table 2. Minimum adequate models to predict carbon gains and losses in African and
459  Amazonian tropical forests. Where continental values differ, those for Africa are reported first,

460  followed by Amazonian values.

Carbon gains, Mg C ha” yr

Predictor variable Parameter Standard t-value p-value 2000-2015
value Error change in gains
(%) *
(Intercept) 5.400|5.530 0.59210.599 9.121|9.236 <0.001 | <0.001 -
CO,-change (ppm yr') 0.234 0.096 2.429 0.015 3.64% | 3.68%
MAT (°C) -0.087 0.025 -3.463 0.001 -0.76% | -1.14%
MAT-change (°C yr')  -0.766 0.189 -4.051 <0.001 0.52% [ -0.3%

MCWD (mm x1000)  -0.411 |-1.381 0.376|0.239 -1.091 |-5.787 0.275]<0.001 -0.51% | -2.47%

Wood Density (g cm™)  -1.350 0.527 -2.561 0.011 0.05% | 0.00%

Carbon losses, Mg C ha™ yr' +

Predictor variable Parameter Standard t-value p-value 2000-2015
value Error change in losses
(%) *
(Intercept) 1.213 0.087 13.931 <0.001 -
CO,-change (ppm yr™) 0.125 0.059 2.135 0.033 13.29% ] 11.95%
MAT-change (°C yr™) 0.478 0.130 3.673 <0.001 -1.73% 0.89%
MCWD (mm x1000) -0.218 0.107 -2.042 0.041 -1.33% | -1.74%
CRT (yr) -0.003 0.001 -5.913 <0.001 -0.68% | 1.14%

461  * The 2000-2015 change in gains/losses for each predictor variable was estimated allowing only the focal
462  predictor to vary; this change was then expressed as a percentage of the annual gains/losses in the year 2000
463  allowing all predictors to vary.

464 ¥ carbon loss values were normalized via power-law transformation, A= 0.361.
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Methods

Plot selection

Closed canopy (i.e. not woody savanna) old-growth mixed-age forest inventory plots were selected
using commonly used criteria®!!?: free of fire and industrial logging; all trees with diameter at
reference height >100 mm measured at least twice; >0.2 ha area; <1500 m.a.s.l. altitude; MAT
>20.0°C?!; annual precipitation >1000 mm?! ; located >50 m from anthropogenic forest edges. Of the
244 plots included in the study, 217 contribute to the African Tropical Rainforest Observatory Network

(AfriTRON; www.afritron.org), with data curated at www.ForestPlots.net. These include plots from

Sierra Leone, Liberia, Ghana, Nigeria, Cameroon, Gabon, Republic of Congo, Democratic Republic
of Congo (DRC), Uganda and Tanzania*? (Extended Data Figure 1). Fifteen plots are part of the TEAM
network, from Cameroon, Republic of Congo, Tanzania, and Uganda®3-3®. Nine plots contribute to the
ForestGEO network, from Cameroon and DRC? (9 plots from DRC, codes SNG, contribute to both
AfriTRON and ForestGEO networks, included above in the AfriTRON total). Finally, three plots from
Central African Republic are part of the CIRAD network?®. The large majority of plots are sited in
terra firme forests and have mixed species composition, although four are in seasonally flooded forest
and 14 plots are in Gilbertiodendron dewevrei monodominant forest, a locally common forest type in
Africa (Supplementary Table 1). The 244 plots have a mean size of 1.1 ha (median, 1 ha), with a total
plot area of 277.9 ha. The dataset comprises 391,968 diameter measurements on 135,625 stems, of
which 89.9% were identified to species, 97.5% to genus and 97.8% to family. Mean total monitoring
period is 11.8 years, mean census length 5.7 years, with a total of 3,214 ha years of monitoring. The
321 Amazon plots are published and were selected using the same criteria®, except in the African
selection criteria we specified a minimum anthropogenic edge distance and added a minimum

temperature threshold.
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Plot inventory and Tree Biomass Carbon Estimation
Tree-level aboveground biomass carbon is estimated using an allometric equation with parameters for
tree diameter, tree height and wood mass density. The estimated aboveground biomass of a plot is the

sum of the estimated biomass of all live trees at that census date.

Tree Diameter: In all plots, all woody stems with >100 mm diameter at 1.3 m from the base of the
stem (‘diameter at breast height’, DBH), or 0.5 m above deformities or buttresses, were measured,
mapped and identified using standard forest inventory methods*®. The height of the point of
measurement (POM) was marked on the trees and recorded, so that the same POM is used at the
subsequent forest census. For stems developing deformities or buttresses over time that could
potentially disturb the initial POM, the POM was raised approximately 500 mm above the deformity.
Estimates of the diameter growth of trees with changed POM used the ratio of new and old POMs, to
create a single trajectory of growth from the series of diameters at two POM heights®!!*°, We used
standardized protocols to assess typographical errors and potentially erroneous diameter values (e.g.
trees shrinking by >5 mm), missing values, failures to find the original POM, and other issues. Where
necessary we estimated the likely value via interpolation or extrapolation from other measurements of
that tree, or when this was not possible we used the median growth rate of trees in the same plot, census
and size-class, defined as DBH = 100-199 mm, or 200-399 mm, or >400 mm3>*!. We interpolate

measurements for 1.3% of diameters, extrapolate 0.9%, and use median growth rates for 1.5%.
p g

Tree height: Height of individuals from ground to the top leaf, hereafter Hi, was measured in 204 plots,
using a laser hypsometer (Nikon forestry Pro) from directly below the crown (most plots), a laser or
ultrasonic distance device with an electronic tilt sensor, a manual clinometer, or by direct
measurement, i.e. tree climbing. Only trees where the top was visible were selected*?. In most plots,

tree selection was similar: the 10 largest trees were measured, together with 10 randomly selected trees
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per diameter from five classes: 100-199 mm, 200-299 mm, 300-399 mm, 400-499 mm, and 500+ mm
trees, following standard protocols*?. We use these data and the local.heights function in R package

BiomasaFP* to fit 3-parameter Weibull relationships:

DBH

Ho=a x(1- e(_b X(T)C)) (equation 1).

We chose the Weibull model as it is known to be robust when a large number of measurements are
available*>**, We parameterize this H-DBH relationship for terra firme forest in three biogeographical
regions, parameters in parentheses: (i) West Africa (a=56.0; b=0.0401; c=0.744); (ii) Lower Guinea
and Western Congo Basin (a=47.6; b=0.0536; ¢=0.755); (iii) Eastern Congo Basin and East Africa
(a=50.8; b=0.0499; ¢=0.706); and finally (iv) for seasonally flooded forest from Lower Guinea and
Western Congo Basin (a=38.2; b=0.0605; c¢=0.760; there were no seasonally flooded forest plots in
the other regions). The parameters were used to estimate H; from DBH for all tree DBH measurements

for input into the allometric equation.

Wood Density: Dry wood density (p) measurements were compiled for 730 African species from

published sources and stored in www.ForestPlots.net; most were sourced from the Global Wood

Density Database on the Dryad digital repository (www.datadryad.org)*>-*¢. Each individual in the tree

inventory database was matched to a species-specific mean wood density value. Species in both the
tree inventory and wood density databases were standardized for orthography and synonymy using the

African Flowering Plants Database (www.ville-ge.ch/cjb/bd/africa/) to maximize matches'!. For

incompletely identified individuals or for individuals belonging to species not in the p database, we
used the mean p value for the next higher known taxonomic category (genus or family, as appropriate).
For unidentified individuals, we used the mean wood density value of all individual trees in the

plot!'!-32,
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Allometric equation: For each tree we use a published allometric equation*’ to estimate aboveground
biomass. We then convert this to carbon, assuming that aboveground carbon (AGC) is 45.6% of

DBH
10

2
aboveground  biomass™. Thus: AGC = 0456 x ((0.0673 x (p x (Z5) X H)**7%)/1000)

(equation 2), with DBH in mm, dry wood density, p, in g cm™, and total tree height, H, in m (ref.?”).

Aboveground biomass carbon, carbon gains and carbon losses
Aboveground Carbon (AGC, in Mg C ha'!) in living biomass for each plot at each census date was

estimated as the sum of the AGC of each living stem, then divided by plot area (in hectares).

Carbon Gain is the sum of the aboveground live biomass carbon additions from the growth of
surviving stems and the addition of newly recruited stems, using standard methods®. For each stem
that survived a census interval, carbon additions from its growth (Mg C ha™! yr!) were calculated as
the difference between its AGC at the end census of the interval and its AGC at the beginning census
of the interval. For each stem that recruited during the census interval (i.e. reaching DBH>100 mm),
carbon additions were calculated in the same way, assuming DBH=0 mm at the start of the interval*.
The carbon additions in an interval, from surviving and newly recruited stems, were summed, then
divided by the census interval length (in years), and scaled by plot area (in hectares)*’. As carbon gains
are affected by a census interval bias, with the underestimate increasing with census length, we
corrected this bias by accounting for (i) the carbon additions from trees that recruited and then died
within the same interval (unobserved recruitment), and (ii) the carbon additions from trees that grew

before they died within an interval (unobserved growth)*. These typically add <3% to plot-level

carbon gains.

Carbon Loss (in Mg C ha™! yr'!) is estimated, using standard methods®, as the sum of aboveground

biomass carbon from all stems that died during a census interval, divided by the census length (in
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years) and scaled by plot area (in hectares). Carbon loss is also affected by the same census interval
bias, hence we corrected this bias by accounting for (i) the additional carbon losses from the trees that
were recruited and then died within the same interval, and (ii) the additional carbon losses resulting

from the growth of the trees that died in the interval®!343,

Net Carbon Sink (in Mg C ha'! yr'!) is estimated as carbon gains minus carbon losses. All calculations

149

were performed using the R statistical platform, version 3.2.1* using the BiomasaFP R package

v0.2.1%4,

Long-term gain, loss and net carbon sink trends estimation

The estimated mean carbon gains, carbon losses and the net carbon sink of the African plots from
1983-2014, the solid lines in Figure 1, were calculated following ref.6 to allow direct comparison with
published Amazonian results. First, each census interval value was interpolated for each 0.1-yr period
within the census interval. Then, for each 0.1-yr period between 1983 and 2014, we calculate a
weighted mean of all plots monitored at that time, using the square root of plot area as a weighting
factor®. Finally, confidence intervals for each 0.1-yr period are bootstrapped. The means and
confidence intervals shown in Extended Data Figure 7 and Extended Data Figure 8 were also

calculated using this method.

Trends in carbon gains, losses and the net carbon sink over time were assessed using linear mixed
effects models (Imer function in R, Ime4 package®®), providing the linear slopes reported in Figure 1.
These models regress the mid-point of each census interval against the value of the response variable
for that census interval. Plot identity was included as a random effect, i.e. assuming that the intercept
can vary randomly among plots. Observations were weighted by plot size and census interval length.

Weightings were derived empirically, by assuming a priori that there is no significant relation between
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the net carbon sink and census interval length or plot size!!. The following weighting removes all

pattern in the residuals:

Weight= i/lengthm T %lotsize -1 (equation 3),
where lengthin is the length of the census interval, in years. Significance was assessed by regressing

the residuals of the net carbon sink model against the weights (p=0.702).

Differences in long-term slopes between the two continents for carbon gains, carbon losses and net
carbon sink were assessed using linear mixed effects models, as described above, but performed on
the combined African and Amazonian datasets and limited to their common time window, 1983 to
2011.5. These models had an interaction term between census interval date and continent, where a
significant interaction would indicate that the slopes differ between continents. The statistical
significance of continental differences in slope were assessed using the F-statistic (Anova function in

R, car package!).

Continental and pan-tropical carbon sink estimates

For Africa, Amazonia and Southeast Asia, we calculate the continental-scale total carbon sink (Pg C
yr'!) for each decade between 1980 and 2010 and for 2010-2015 (Table 1). We do this by multiplying
the per unit area total net carbon sink (in Mg C ha! yr!; using all plots monitored in each of the time

intervals), by the area of intact forest on each continent at that time interval (in ha).

For each time period we calculate the per unit area aboveground net carbon sink in living trees with
DBH>100 mm (expressed in Mg C ha! yr'!) as the mean of all plot-level values, using plots for which
census dates overlap the time window, with plots weighted by the square root of plot area (as for the
solid lines in Figure 1). For plots with more than one census interval within the target time window,

the time-weighted average of the intervals was used. For Africa we use the per unit area net carbon
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sink values presented in this paper. For Amazonia, we use data presented in this paper and previously
published in ref.%. For Southeast Asia, we use inventory data collected using similar standardized
methods, for 49 plots in ref.!3. However there is a lack of Asian data covering 1980-1990, so we assume
that the per unit area net carbon sink for this decade is the same as for 1990-2000. We then calculate
the per unit area fotal carbon sink (in Mg C ha™! yr'!) for each period, as the sum of (i) the per unit area
aboveground carbon sink from large living trees and lianas with DBH>100 mm; (ii) the per unit area
aboveground carbon sink from living trees and lianas with DBH<100 mm (5.19%, 9.40% and 5.46%
of carbon of large living trees in Africa, Amazonia and Southeast Asia respectively®?); and (iii) the per
unit area belowground carbon sink in live biomass, i.e. roots (assuming belowground carbon is 25%,
37% and 17% of aboveground carbon of large living trees in Africa!!, Amazonia® and Southeast Asia’

respectively).

For comparability with previous continental-sink results, we used continental values of intact forest
area for 1990, 2000 and 2010 as published in ref.!, i.e. total forest area minus forest regrowth. We used
the 1990-2010 data to fit an exponential model for each continent and used this model to estimate
intact forest area for 1980 and 2015 (Extended Data Table 2). The continent-level total carbon sink
(Pg C ha'! yr!) for each period is the total per unit area total carbon sink (in Mg C ha™! yr'!) scaled by

the area of remaining intact tropical forest (in ha).

Predictor variables

We examined potential predictor variables for each census interval of each plot that may explain the
long-term trends in carbon gains and carbon losses. First, the environmental conditions during the
census interval; second the rate of change of these parameters; and third forest attributes that may
affect how different forests respond to the same environmental change. The predictor variable

estimates for each census need to avoid bias due to seasonal variation, for example the intra-annual
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variability in atmospheric CO> concentration. We therefore applied the following procedure to avoid
seasonal variability impacts on long-term trends: (i) the length of each focal census interval was
rounded to the nearest complete year (e.g. a 1.1 year interval became a 1 year interval); (ii)) we
computed dates that minimised the difference between actual fieldwork dates and complete-year
census dates, while ensuring that subsequent census intervals of a plot do not overlap. The resulting
sequence of non-overlapping census intervals was used to calculate interval-specific means for each
environmental predictor variable to remove seasonal effects. The average difference between the actual

fieldwork dates and the complete-year census dates is 0.01 decimal years (i.e. less than one week).

The first group of potential predictor variables, estimated for each census interval of each plot, are
theory-driven choices: atmospheric CO> concentration (CO2), mean annual temperature (MAT), and
drought intensity, which we quantified as maximum climatological water deficit (MCWD)>.
Atmospheric CO; concentration (CO2, in ppm) is estimated as the mean of the monthly mean values
from the Mauna Loa record’® over the census interval (corrected to avoid seasonality effects). While
atmospheric CO> concentration is highly correlated with time (R?=0.98), carbon gains are slightly

better correlated with CO», as expected.

Mean Annual Temperature (MAT, in °C) was derived from a combination of the fine-scale (~1 km?
resolution) static WorldClim dataset’! and the coarser scale (~3025 km? resolution) temporally
resolved Climatic Research Unit dataset (CRU TS 3.23)°. For each plot, we first extracted the monthly
mean temperature record covering 1901-2015 from the CRU dataset and calculated mean annual
temperature (MAT) over that period. Then we multiplied each value in the monthly CRU record by
the ratio of the WorldClim-MAT and the CRU-MAT. We then calculated MAT for each census

interval of each plot using the adjusted monthly CRU record.
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Maximum Climatological Water Deficit (MCWD, in mm) was derived from a combination of the fine-
scale (~1 km? resolution) static WorldClim precipitation dataset’! and the coarser scale (~3025 km?
resolution) temporally resolved Global Precipitation Climatology Centre dataset (GPCC) that includes
many more gauges than CRU in tropical Africa®”® following a similar approach as to MAT. However,
as GPCC ends in 2013 we combined it with satellite-based Tropical Rainfall Measurement Mission
data (TRMM 3B43 V7 product, 0.25° resolution)*®. The fit for the overlapping time period (1998-
2013) was used to correct the systematic difference between GPCC and TRMM: GPCC’ = a+b*GPCC,
with GPCC’ the adjusted GPCC record and a and b different parameters for each month of the year
and for each continent. For each plot, we first extracted the monthly precipitation record covering
1901-2015 from the adjusted GPCC dataset and calculated mean monthly precipitation over that
period. Then we multiplied each value in the monthly GPCC record by the ratio of the WorldClim
mean monthly precipitation to the GPCC mean monthly precipitation. Then for each census interval
we extract monthly precipitation values and calculate monthly Climatological Water Deficit (CWD),

122054 "To avoid

which is a commonly used metric of dry season intensity for tropical moist forests
intra-annual variability, monthly CWD values are calculated for each subsequent series of 12 months
(complete years), using a recursive procedure®*. Monthly CWD estimation begins with the wettest
month of the first year in the interval, and is calculated as 100 mm per month evapotranspiration (ET)
minus monthly precipitation (P). Then, CWD values for the subsequent 11 months were calculated
recursively as: CWD; = ET — P; + CWD;_; (equation 4), where negative CWD; values were set to
zero>* (no drought conditions). This procedure was repeated for each subsequent complete 12 months.
Then, we calculate the annual MCWD as the largest monthly CWD value for every subsequent
complete year within the census interval. Finally the MCWD of a census interval is calculated as the

mean of the annual MCWD values within the census interval. MCWD is an easily interpretable drought

metric: larger values indicate more severe water deficits.
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To calculate the environmental change of potential predictor variables, CO;-change, MAT-change and
MCWD-change, we selected an optimum period over which to calculate the change. We derived this
optimum period empirically by assessing the correlation of carbon gains (all plots, all censuses) with
the change in each environmental variable, using linear mixed effects models (Imer function in R, Ime4
package®). The annualised change in the environmental variable was calculated as the change between
the focal interval and a prior interval (termed the baseline period) with a lengthening time window
ranging from 1 year through to 80 years prior to the focal interval (i.e. 80 linear mixed effects models

per variable). We calculated AIC for each model and selected the interval length with the lowest AIC.

(MAT;—MAT},)
(date;—datep)

Thus, MAT-change (in °C yr'!) = (equation 5), where MAT; is the MAT over the focal

census interval calculated using the procedure described above, MAT; is the MAT over a baseline
period prior to the focal interval, date; is the mid-date of the focal census interval and date, is the mid-
date of the baseline period. The Imer results show that MAT-change (in °C yr!) is the difference
between the focal interval and the mean MAT over the prior 5 years; COz-change is the difference
between the focal interval and the mean CO: over the prior 56 years. MCWD showed no clear trend,
so MCWD-change was not included in the models. All three results conform to a priori theoretical

expectations: see Extended Data Figure 3.

We calculated two forest attributes that may alter responses to environmental change as potential
predictor variables: Wood Density (WD) and Carbon Residence Time (CRT). In intact old-growth

26,6061 "as is seen in our dataset

forests, mean WD (in g cm™) is inversely related to resource availability
(carbon gains and plot-level mean WD are negatively correlated, Extended Data Figure 4). WD is
calculated for each census in the dataset, as the mean WD of all trees alive at the end of the census.
Carbon residence time (CRT, in yrs) is a measure of the time that fixed carbon stays in the system.

CRT is a potential correlate of the impact of past carbon gains on later carbon losses?®. To avoid

circularity in the models, the equation used to calculate CRT differed depending on the response
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AGC

gains

variable. If the response variable is carbon loss, the CRT equation is based on gains: CRT =

(equation 6), with AGC for each interval based on AGC at the end of the interval, and the gains for

each interval calculated as the mean of the gains in the interval and the previous intervals (i.e. long-

AGC

losses

term gains). If the response variable is carbon gain, the CRT equation is based on losses: CRT =

(equation 7). The equation employed for use in the carbon loss model (equation 6) is the standard
formula used to calculate CRT and is retained in the minimum adequate model (see below and Table
2). The non-standard CRT equation (equation 7) used in the carbon gain model is not retained in the

minimum adequate model (see below).

Modelling census-level carbon gains and losses

We first construct two models including only the environmental variables: atmospheric carbon dioxide
(COz), mean annual temperature (MAT), and drought as maximum climatological water deficit
(MCWD). One model has carbon gains as the response variable, the other has carbon losses as the
response variable (both in Mg C ha'! yr'!). Models were fitted using the Ime function in R, with
maximum likelihood (NLME package®?). All census intervals within all plots were used, weighted by
plot size and census length (using equation 3). Plot identity was included as a random effect, i.e.
assuming that the intercept can vary randomly among plots. All predictor variables in the models were
scaled without centering (scale function in R, RASTER package*’). Carbon gain values were normally
distributed but carbon loss values required a power-law transformation (A= 0.361) to meet normality
criteria. Multi-parameter models are:

carbon gains=intcp+a*C0,+b*MAT+c*MCWD (model 1);

carbon losses=intcp+a*CO,+b*MAT+c*MCWD (model 2);

where intcp is the estimated model intercept, and a, b, and ¢ are model parameters giving the slope of
relationships with environmental predictor variables. Multi-parameter model outputs for carbon gain

and carbon loss are given in Extended Data Table 1. Single-parameter relations are shown in Figure 2.
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The carbon gains model shows significant trends consistent with a priori expectations. However, the
carbon loss model has no explanatory power (all parameters non-significant, see Figure 2 and Extended
Data Table 1), so we further investigated what is driving the trends by constructing two more complex
models, including the same environmental predictors (CO2, MAT, MCWD), plus their rate of change
(COz-change, MAT-change, MCWD-change), and forest attributes that may alter how forests respond
(WD, CRT), as described above. We evaluated the possible inclusion of a differential continent effect
of each variable in the full model. We first construct models with only a single predictor variable, and
allow different slopes in each continent. Next, if removal of the continent-specific slope (using
stepAIC function in R, MASS package®) decreased model Akaike Information Criterion (AIC) then
the continent-specific slope was not included in the full model for that variable. Only MCWD showed
a significant differential continent-specific slope. This implies that forests on both continents have
common responses to COz-change, MAT, MAT-change, WD and CRT, but respond differently to
differences in MCWD. This is most likely because wet-adapted species are much rarer in Africa than
in Amazonia as a result of large differences in past climate variation®. Lastly, we allowed different
intercepts for the two continents, to potentially account for differing biogeographical or other
continent-specific factors. For the carbon loss model, we applied the same continent-specific effects
for slope as for the carbon gain model, and carbon loss values were transformed using a power-law

transformation (A= 0.361) to meet normality criteria.

For both carbon gains and losses we parameterized full models including the significant continent-
specific effect of MCWD and simplified models using the stepAIC function in R, which sequentially
removes terms until there are no terms that reduce model AIC after removal. As such, the minimum

adequate models are:
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836  carbon gains=intcp*continent +a*C0,-change+b*MAT+c*MAT-change+d*MCWD *continent+e*WD
837  (model 3);

838  carbon losses=intcp+a*C0,-change+b*MAT-change+c*MCWD+d*CRT (model 4).

839  Parameters of these minimum adequate models for carbon gain and carbon loss are given in Table 2.
840  CRT was retained in the carbon loss model, and WD was retained in the carbon gain model. These
841  results are expected a priori because growth is likely primarily impacted by resource availability, while
842  losses are likely primarily impacted by how long fixed carbon is retained in the system.

843

844  Predicting the future carbon gain, loss and the net carbon sink

845  We used estimates of the predictor variables and the parameters of the minimum adequate gain and
846  loss models (Table 2) to estimate the mean gains and losses for the plot networks in Africa and
847  Amazonia from 1983 through to 2040, with the net carbon sink per unit area obtained by subtracting
848  the losses from the gains (seen in Figure 3). For predictor variables in the past, we calculated annual
849  records for COz2-change, MAT, MAT-change, MCWD, WD and CRT for each plot location from 1983
850  to 2015, as described above (mean trends shown in Extended Data Figure 5). For predictor variables
851  in the future, we used the annual records from 1983 to 2015 to parameterize a continent-specific linear
852  regression for CO2-change, MAT, MAT-change, MCWD, WD, and CRT, which is used to estimate
853  predictor variables for each plot location from 2015 to 2040 (mean trends shown in Extended Data
854  Figure 5). Predicted mean annual gains and losses for 1983 to 2040 are calculated by multiplying
855  model parameters by annual values of the corresponding predictor variables. Model prediction
856  uncertainty is derived from model parameters multiplied by each predictor variable value +lc. To
857  obtain total continental sink values in the future (Table 1), per unit area sink estimates were multiplied
858 by future forest area, using the area in each continent from 1990-2010 and an exponential model for
859  each continent to estimate each continents’ forest area in 2020, 2030 and 2040 (see Continental and

860  pan-tropical carbon sink estimates, above).
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861

862 Extended Data

863

864  Extended Data Table 1. Models based on environmental variables alone to predict carbon gains
865  and losses in African and Amazonian tropical forests. Where continental values differ, those for

866  Africa are reported first, followed by Amazon values. Significant values in bold.

Carbon gains, Mg C ha” yr

867

868

869

870

871

Predictor variable Parameter Standard t-value p-value  2000-2015 change in
value Error gains (%) *

(Intercept) 4.694 0.733 6.402 <0.001 -

CO; (ppm) 0.005 0.001 3.186 0.001 5.78% | 5.90%

MAT (°C) -0.143 0.021 -6.928 <0.001 -1.24% | -1.89%

MCWD (mm x1000) -1.164 0.207 -5.628 <0.001 -1.42% | -2.08%

Carbon losses, Mg C ha™ yr' +

Predictor variable Parameter Standard t-value p-value  2000-2015 change in
value Error losses (%) *

(Intercept) 1.033 1.855 0.557 0.578 -

CO; (ppm) 0.004 0.004 0.949 0.343 6.60% | 5.83%

MAT (°C) -0.015 0.044 -0.343 0.732 -0.18% | -0.24%

MCWD (mm x1000) -0.515 0.499 -1.032 0.302 -0.86% | -1.09%

* The 2000-2015 change in gains/losses for each predictor variable was estimated allowing only the focal

predictor to vary; this change was then expressed as a percentage of the annual gains/losses in the year 2000

allowing all predictors to vary.

+ carbon loss values were normalized via power-law transformation, A= 0.361.
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Extended Data Table 2. Forest area estimates used to calculate total continental forest sink.

Period intact forest area (Mha) *
Africa Amazon Southeast Asia

1980 671.5 958.3 233.6

1990 600.2 885.2 190.6

2000 531.8 817.2 136.9

2010 477.8 756.3 118.4

2015 450.5 726.7 101.5

2020 425.5 698.5 90.1

2030 379.7 645.4 71.0

2040 338.8 596.4 56.0

* Intact forest area for 1990, 2000 and 2010 is published in ref.! (i.e. the total forest area minus forest regrowth);
to estimate intact forest area for 1980, 2015, 2020, 2030 and 2040 we fitted exponential models for each

continent using the 1990-2010 data.
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887  Extended Data Figure 1. Map showing the locations of the 244 plots included in this study. Dark
888  green represents all lowland closed-canopy forests, submontane forests and forest-agricutlure mosaics;
889  light green shows swamp forests and mangroves®®. The three-letter codes refer to plot-cluster names
890  (see Supplementary Table 1 for the full list of plots). Clusters <50 km apart are shown as one dot for
891  display only. Blue dot size corresponds to sampling effort in terms of hectares monitored.
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Extended Data Figure 2. Distribution of values of the long-term above-ground carbon dynamics
of 244 African intact tropical forest inventory plots. Points in the scatterplots indicate the mid-
census interval date, with horizontal bars connecting the start and end date for each census interval for
the net carbon sink (a), carbon gains (from woody productivity) (b), and carbon losses (from mortality)
(c). Examples of time series for three individual plots are shown in purple, yellow and green.
Associated histograms show the distribution of the plot-level net carbon sink (d) (with a three-
parameter Weibull probability density distribution fitted in blue, showing the sink is significantly

larger than zero; one-tail t-test: p<<0.001), carbon gains (e), and carbon losses (f).
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Extended Data Figure 3. Akaike’s Information Criterion (AIC) from correlations between the
carbon gain in tropical forest inventory plots and changes in either atmospheric CO.,
temperature (as MAT) or drought (as MCWD) each calculated over ever-longer prior intervals.
Panels show AIC from linear mixed effects models of carbon gains and, atmospheric CO> (CO»-
change) (a), Mean Annual Temperature (MAT-change) (b), and Maximum Climatological Water
Deficit (MCWD-change, n=565 plots) (¢). For CO; the AIC minimum was observed when predicting
the carbon gain from the change in CO; calculated over a 56 year long prior interval length. We use
this length of time to calculate our CO;-change parameter. Such a value is expected a priori because
forest stands will respond most strongly to CO2 when most individuals have grown under the new
rapidly changing conditon, which should be at its maximum at a time approximately equivalent to the
carbon residence time of a forest stand®®®’ (a mean of 62 years in this dataset). For MAT the AIC
minimum was 5 years, which we use as the prior interval to calculate our MAT-change parameter.
This length is consistent with experiments showing temperature acclimation of leaf-level and plant-
level photosynthetic and respiration processes over half-decadal timescales?®8. For MCWD the AIC
minimum is not obvious, while the slope of the correlation, shown in panel (d), has no overall trend
and oscillates between positive or negative values, meaning there is no obvious relationship between
carbon gains and the change in MCWD over intervals longer than 1 year; thus MCWD-change is not
included in our models. This result is expected, because once a drought ends, its impact on tree growth

fades rapidly'>%°, hence lagged impacts of past droughts are not expected.
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Extended Data Figure 4. Potential forest-dynamics-related drivers of carbon gains and losses in
structurally intact old-growth African and Amazonian tropical forests. The aboveground carbon
gains, from woody productivity (a-b), and aboveground carbon losses, from mortality (c-d), are plotted
against the carbon residence time (CRT), and wood density (WD), for African (blue) and Amazonian
(brown) inventory plots. Linear mixed effect models were performed with census intervals (n=1566)
nested within plots (n=565) to avoid pseudo-replication, using an empirically derived weighting based
on interval length and plot area (see methods). Significant regression lines for the complete dataset are
shown as a solid line; non-significant regressions as a dashed line. Each dot represents a time-weighted
average plot-level value; transparency of the inner part of the dot represents total monitoring length,
with empty circles corresponding to plots monitored for < 5 years and solid dots for plots monitored
for >20 years. Carbon loss data are presented untransformed for clarity; linear mixed effects models
on transformed data to fit normality assumptions do not change the results. For the carbon gains and

losses models CRT is calculated differently: see methods.
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Extended Data Figure 5. Trends in predictor variables used to estimate long-term trends in
above-ground carbon gains, carbon losses and the resulting net carbon sink in African and
Amazonian tropical forest plot networks. Solid lines, blue for Africa (a-f), brown for Amazonia (g-
1), are the mean annual value for all plot locations on each continent, from published datasets (CO2-
change, MAT, MAT-change, MCWD), or estimated from the plot data (WD, CRT). Dotted lines are
future values estimated from linear trends on the 1983-2014 data (slope and p-value reported in each
panel). Trends for environmental variables (CO>-change, MAT, MAT-change, MCWD) are from
simple linear models using the mean annual record. Trends for CRT and WD are from linear mixed
effects models using the plot data, i.e. regressing the mid-point of each census interval against the
value of the predictor variable for that census interval, using plot identity as a random effect, and
weighting observations by plot size and census interval length (as in Figure 1). Dashed lines in panels
e-f and k-1 represent the time window where <75% of plots were monitored, hence contributing less

to the linear mixed effects model.
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Extended Data Figure 6. The change in carbon losses versus carbon residence time (CRT) of
plots in Africa and Amazonia. The data include only plots monitored for >20 years (i.e. roughly one-
third of the mean CRT of the pooled African and Amazon dataset; n = 116). Breakpoint regression
was used to assess the CRT length below which forest carbon losses begin to increase. Plots with CRT
<77 years show a long-term increase in carbon losses. Blue dots are African plots, brown dots are

Amazonian plots.
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Extended Data Figure 7. Trends in African forest net aboveground live biomass carbon sink,
carbon gains and carbon losses, calculated for the last 15 years of the twentieth century (left
panels a-c) and the first 15 years of the twenty-first century (right panels d-f). Plots were selected
from the full dataset if their census intervals covered at least 50% of the respective time windows
(n=56 plots for 1985-2000, and n=134 plots for 2000-2015, respectively). Solid lines show mean
values calculated as for Figure 1; shading corresponds to the 95% CI. Dashed lines, slopes and p-

values are from linear mixed effects models.
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Extended Data Figure 8. Twenty-first century trends in aboveground biomass carbon losses
from African tropical forest inventory plots with either long (left panels) or short (right panels)
carbon residence time. Upper panels include all plots, i.e. as in Figure 1, but split into a long-CRT
group (a), and a short-CRT group (b), each containing half the 244 plots. Lower panels restrict plots
to those spanning >50% of the time window, i.e. as in Extended Data Figure 7, but split into a long-
CRT group (c¢), and a short-CRT group (d), each containing half the 134 plots. Solid lines indicate
mean values, shading the 95% CI. Dashed lines, slopes and p-values are from linear mixed-effects
models. Carbon losses increase more through time in the short-CRT than the long-CRT group of plots,

in both datasets, although this increase is not statistically significant.
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