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Abstract 4 
In the tropics, variation in aboveground live tree biomass carbon (AGC) stocks is much less 5 
well understood in montane than lowland forests, with a particular paucity of data from 6 
Africa. AGC-stocks are generally assumed to be lower in montane than in lowland forests, as 7 
primary productivity decreases with reduced temperatures, and cloud immersion, wind and 8 
steep slopes affect root:shoot ratios and constrain maximum tree height. Understanding 9 
AGC-stocks in montane forests is particularly important for East African countries, as 10 
montane forests represent most of the extant evergreen old-growth forest cover in these 11 
countries. To fill this data gap, we calculate AGC-stock in 44 old-growth montane sites in 12 12 
African countries, using the newly assembled AfriMont dataset, and compare findings with 13 
old-growth lowland forests monitored as part of the African Tropical Rainforest Observation 14 
Network. We find that montane sites have a mean AGC-stock of 149.3 Mg C ha-1 (95% CI 15 
136.7–163.2), higher than both montane and lowland forests in the Neotropics and 16 
comparable to lowland African forests. Notably, our results are substantially higher than the 17 
IPCC default values for these forests in Africa (89.3 Mg C ha-1). The distinctive structure of 18 
African lowland tropical forests (low stem density and high abundance of large trees) is 19 
mirrored in montane forests. This important carbon store is disappearing fast: 800,000 ha (5 20 
%) of tropical old-growth montane forest have been lost in the past 18 years. Our findings 21 
highlight the urgent need for the conservation of these biodiversity and carbon-rich forest 22 
ecosystems. We provide country-specific estimates to help guide forest conservation and 23 
reforestation interventions. 24 
 25 
 26 
Main text 27 
 28 
Tropical forests cover 7–10% of the global land area but store 40–50% of terrestrial 29 
vegetation carbon (Erb et al. 2018), so they are a key component of the global carbon cycle 30 
(Booth et al. 2012, Hubau et al. 2020). There is substantial variation in carbon stocks across 31 
the biome, with lowland forests in Borneo and Africa storing more carbon per unit area than 32 
lowland forests in the Neotropics (Lewis et al. 2013, Sullivan et al. 2020). This variation 33 
arises partly from structural differences: while Bornean forests are characterised by high 34 
stem density and basal area, the signature feature of African forests is their low stem 35 
density but relatively high abundance of large trees (>70 cm diameter) which store large 36 
quantities of carbon (Feldpauch et al. 2011, Lewis et al. 2013, Bastin et al. 2018). 37 
 38 
Despite increased understanding of biogeographic differences in lowland tropical forests, 39 
patterns of spatial variation in carbon stocks remain poorly understood in the 8% of tropical 40 
forests that are found in mountain regions (0.88 million km2 located ≥ 1000m asl compared 41 
with 10.4 million km2 located <1000m asl, Spracklen & Righelato 2014). Montane forests are 42 
expected a priori to have lower aboveground live tree biomass carbon (AGC) stocks than 43 
lowland forests because (1) temperature decreases with increasing elevation, reducing net 44 
primary productivity and slowing nutrient recycling, (2) long periods of cloud immersion in 45 
montane forests suppresses productivity, (3) soil waterlogging slows nutrient recycling and 46 
(4) high epiphyte load, wind exposure and nutrient-limited soils limit tree size and increase 47 



investment in roots over shoots (Fahey et al. 2016). Data from forest inventory plots provide 48 
some support for these assumptions (Spracklen & Righelato 2014) but data from African 49 
mountain regions are sparse. Indeed, in the most recent IPCC guidelines, there is no specific 50 
biomass default value for old-growth montane forests in Africa: the value given of 89.3 Mg C 51 
ha-1 is a mean value merged across secondary and old-growth forests found ≥1000m asl 52 
(IPCC 2019).   53 
 54 
Better understanding of montane carbon stocks is important as for many African countries, 55 
particularly in East Africa where montane forests represent the majority of the extant 56 
evergreen old-growth forest cover. For these countries, quantifying carbon stocks in these 57 
ecosystems is critical for estimating carbon losses from deforestation and forest 58 
degradation (Willcock et al. 2014) in their most carbon-rich ecosystems. Quantifying carbon 59 
stocks in old-growth montane forests is also needed for determining the potential eventual 60 
carbon uptake by restored natural forests, given the high commitment of most African 61 
nations to the Bonn Challenge effort to restore 150 million hectares of the world's degraded 62 
and deforested lands by 2020 (see Table 1).  63 
 64 
To address these knowledge gaps, we measure and analyse an unprecedented inventory 65 
dataset of 226 plots spanning 44 sites in 12 African countries, covering most major 66 
mountain regions on the continent (the AfriMont dataset). Plots range from 800 to 3900 m 67 
elevation and consist of submontane, montane (lower, mid, upper), sub-alpine forests and 68 
rain and cloud forests, which are found at different elevations depending on mountain size, 69 
aspect and distance to the ocean (Bussman 2006, Bruijnzeel et al. 2011). We included plots 70 
from 800 m as in smaller mountains submontane forests can be found from 800m. 71 
For all plots, stem diameter and species are recorded for each tree ≥ 10 cm diameter at 72 
breast height (or above buttress) following standardized methods (Phillips et al. 2016). Tree 73 
height was sampled in 23 montane sites, allowing variation in height-diameter allometry to 74 
be incorporated into the calculation of aboveground biomass. A total of 72,336 stems with 75 
diameter ≥ 10 cm were sampled. For each tree, we computed AGC (in Mg C ha-1) according 76 
to standardized methods (see methods). 77 
 78 
We find that the mean plot-level AGC-stock in tropical montane African forests is 149.3 Mg 79 
C ha-1 (95% CI 136.7 – 163.2), almost double the IPCC default value of 89.3 Mg C ha-1 (the 80 
latter also includes secondary forests due to insufficient old-growth forest data). Our 81 
estimates of AGC-stocks in African montane forests are robust to subsampling our dataset 82 
(Fig. S1) and excluding small plots (Fig. S2). Comparing our dataset to previous syntheses of 83 
montane (Spracklen & Righelato 2014, Vilanova et al. 2018, Alvarez-Avila et al. 2017) and 84 
lowland (Sullivan et al. 2020) forest plots reveals that tropical montane forests in Africa have 85 
significantly higher AGC-stocks per unit area than both montane (95% CI = 50.4 – 71.9 Mg C 86 
ha-1) and lowland  (95% CI = 24.0 – 47.9 Mg C ha-1) forests in the Neotropics, and that they 87 
do not differ significantly from lowland forests in Africa (95% CI = -27.6 – 9.6 Mg C ha-1, Fig. 88 
1, Table S1). This lack of difference between AGC-stocks in montane and lowland forests in 89 
Africa contrasts with the Neotropics and South-east Asia, where carbon stocks are lower in 90 
montane forests than lowland forests (albeit not significantly different in South-east Asia 91 
due to the small sample size of literature plots, Fig. 1). These differences are robust to 92 
accounting for differences in elevation among montane datasets: removing African plots 93 
below 1000 m reduces estimated AGC-stock to 145.1 Mg C ha-1 (95% CI 129.6 – 163.2), but 94 



observed differences in AGC-stock among continents remain when plots are restricted to 95 
elevations well represented in all continents (Fig. S3, Fig. S4). 96 
 97 
The characteristic structural properties of lowland African forests (relatively low stem 98 
density and greater importance of large trees compared to elsewhere in the tropics; Lewis 99 
et al. 2013) are also evident in African montane forests. In montane Africa mean stem 100 
density is 483.3 stems ha-1 (± 177.7 SD) and mean basal area is 39 m2ha-1 (± 14.8 SD). We 101 
find a high density of large stems (>70 cm diameter, mean is 19.1 stems ha-1 (± 15.4 SD)) 102 
which contribute 35.3% (95% CI = 29.6 – 41.8 % ) to plot-level AGC-stock (Fig. 2). The 103 
contribution of large trees to plot-level AGC-stock is also similar in montane and lowland 104 
Africa (95% CI of difference in square-root transformed proportional contribution of large 105 
trees between lowland and montane forests = -0.100 - 0.075, P = 0.799). There was also no 106 
significant difference in the proportional contribution of each other size class to AGC-stocks 107 
between our montane dataset and 132 lowland plots from the AfriTRON network (P≥0.24, 108 
Table S2), although greater variation among plots is observed in montane forests (Fig. 2).  109 
 110 
To investigate if elevation affected AGC or forest structure, we modelled these variables as 111 
functions of elevation using random slopes mixed-effects models. This approach allows 112 
intercepts and relationships to vary among sites, which would be expected as mountains 113 
can have very different climate at the same elevation due to proximity to the ocean 114 
(generally the further, the drier) and because of the mass-elevation or telescopic effect 115 
(larger mountains are better at warming the atmosphere above them, Jarvis & Mulligan, 116 
2011). We found that AGC, stem density or density of large stems (>70 cm diameter) were 117 
not significantly related to elevation (Fig. 3, Table S3). Across sites these non-significant 118 
relationships were all negative, although there was some variation in strength and direction 119 
amongst sites (Fig. 3). Similarly, in the Neotropics and South-east Asia montane forest 120 
datasets, AGC was not significantly correlated with elevation (Fig. S4).  121 
 122 
To assess potential environmental drivers of variation in AGC-stocks in African montane 123 
forests, we related them to climate, soil and topography. We found that AGC-stocks 124 
increased with annual precipitation, decreased with soil fertility and were higher in plots 125 
that were locally higher than their surroundings (Fig. S5). AGC-stocks were also negatively 126 
but non-significantly related to lightning frequency; the Albertine Rift has amongst the 127 
highest lightning frequency in the tropical forest biome, so lightning has the potential to be 128 
a major cause of mortality in these forests (Gora et al. 2020). Relationships with other 129 
environmental variables were non-significant (Fig. S5). Although global datasets might not 130 
capture fine-scale variation in climate or soils in mountain regions (Platts et al. 2014, 2015), 131 
leading to regression dilution (McInnery & Purvis 2011), the general absence of strong 132 
climate effects combined with the lack of significant effect of elevation on AGC-stocks 133 
suggest that the high AGC-stock of African montane forests is a pervasive phenomenon 134 
across a wide environmental gradient. 135 
 136 
Several mechanisms could explain the unexpectedly high AGC-stock of African montane 137 
forests. Firstly, large herbivores such as elephants (Loxodonta spp.) can have profound 138 
effects on forest structure by consuming biomass, destroying small stems, dispersing seeds 139 
and transporting nutrients (Poulsen et al. 2018). Modelling studies and one field study for 140 
lowland forests suggest that large herbivores such as elephants can increase carbon stocks 141 



(Berzaghi et al. 2019; Enquist et al. 2020). We tested if plots with known elephant presence 142 
as of 2019 had significantly higher AGC-stocks, but we found that they had significantly 143 
lower AGC-stocks, although significant differences were not observed in some countries 144 
(Fig. S6). While the initial ecosystem response to elephant removal might be greater 145 
biomass due to the lack of biomass consumption and small-stem destruction by elephants, 146 
the mid/long-term effect on AGC-stocks might be different given the role elephants play in 147 
the dispersal of large-seed trees and nutrient transportation. We were unable to really 148 
disentangle the effects of elephant presence on AGC-stocks, as we lacked details on both i) 149 
time since elephant extirpation, and ii) elephant abundance –including if high elephant 150 
abundance was natural or not (see Table S5). 151 
 152 
A second potential explanation to the high biomass of African montane forests is a relatively 153 
low frequency of large-scale abiotic disturbances, allowing trees time to grow large and 154 
stands to self-thin, as is seen in lowland African forests (Lewis et al. 2013). For example, 155 
tropical cyclones are rare in mainland Africa (except in Mozambique, Lin et al. 2020), 156 
landslides are only relatively frequent in a few mountains (e.g. Mt Elgon in Uganda/Kenya, 157 
Broeckx et al. 2018) and lava flows are rare even in the active volcano of Mt Cameroon 158 
(Favalli et al. 2012). If forests have been ecologically stable over evolutionary time-scales, 159 
tree species may be adapted to stability: they might grow slowly but they potentially can 160 
reach great sizes (Lovett 1996). Indeed, in Mt Kilimanjaro, Entandrophragma individuals 161 
reach enormous heights and ages (Hemp et al. 2016). This  low frequency of large-scale 162 
abiotic disturbances contrasts with the Andes or several mountains in south-east Asia (e.g. 163 
Mt Kinabalu), which are tectonically active, so the trees there are adapted to sudden 164 
catastrophic disturbances followed by intense competition to get established and grow. 165 
Future monitoring of the AfriMont plot network will help determine the extent to which the 166 
high biomass of African tropical montane forests results from them being dynamic and 167 
productive, or adapted to stability. 168 
 169 
A third potential explanation could be the presence of conifers, which would compensate 170 
for the otherwise lower biomass with increasing elevation (Culmsee et al. 2010). Mixed 171 
conifer/broad-leaved forests tend to have greater basal area than purely broad-leaved 172 
forests due to a more effective use of light and other resources (Enright & Ogden 1995). 173 
However, in our dataset there was no significant correlation between plot-level AGC-stock 174 
and conifer (Podocarpaceae) abundance (Fig. S7). Other explanations could be continental 175 
differences in mountain terrain (more gentle slopes or plateau regions in Africa) or types of 176 
montane forests investigated (less cloud forest existing/sampled in Africa). Within our 177 
dataset, slope did not have a significant effect on AGC-stocks (Fig. S5). Contrary to the 178 
Neotropics (Helmer et al. 2019), there is no high-resolution map of cloud forests available 179 
for Africa, so while we found no relationship between AGC-stock and cloud frequency (Fig. 180 
S5), we were unable to investigate differences in AGC-stock between cloud vs non-cloud 181 
plots.  182 
 183 
To understand the policy implications of our findings for African countries, we calculated 184 
montane (≥800m asl) forest cover change between 2001 and 2018, using forest cover from 185 
Hansen et al. (2013), clipped to ‘primary humid forest’ from Turubanova et al. (2018). We 186 
also computed country-level AGC estimates. We show that tropical montane forests 187 
represent most -or all- evergreen old-growth forests found in ten African countries (Fig. 4), 188 



and that the Democratic Republic of the Congo has two thirds of the remaining 16 million ha 189 
of montane forests in Africa. Over 800,000 ha (5%) have been lost in Africa since 2001, with 190 
the highest losses in the Democratic Republic of the Congo (500,000 ha), Uganda (64,000 191 
ha) and Ethiopia (62,000 ha) (Fig. 4, Table 1). In terms of percentage, Mozambique and Côte 192 
d'Ivoire lost over 20% of their montane forests over this period (Fig. 4, Table 1). In some 193 
sites, however, a larger proportion of montane forests was lost before 2001, e.g. in Taita 194 
Hills in Kenya (Pellikka et al. 2009). 195 
 196 
African tropical montane forests are not only carbon rich, but they also harbour some of the 197 
highest concentrations of biodiversity and endemism in the world (UNEP 2014, Rahbek et al. 198 
2020). They are important water towers, and provide numerous other services to people in 199 
the surrounding landscapes (UNEP 2012, 2014). Clearly, more should be done to avoid the 200 
destruction of these important forests in Africa. Logging, mining and clearing land for 201 
farming, but also political unrest and militia presence have affected -and continue to affect- 202 
these forests, e.g. in Imatong Mountains in Sudan (Uma 2016). Protected areas are known 203 
to help reduce deforestation in the tropics (Bebber & Butt 2017). National parks tend to be 204 
better at protecting evergreen forests than other protected areas, but the situation differs 205 
between countries (Pfeifer et al. 2012). Beyond protected areas, other forest conservation 206 
mechanisms could be implemented, including effective carbon finance. Previous IPCC AGC-207 
stock estimates for montane forests in Africa (89.3 Mg C ha-1) may have led to low 208 
incentives for carbon finance mechanisms in these ecosystems. Our study shows the far 209 
greater carbon storage potential in these tropical montane forests. Their important value as 210 
carbon stores is likely to be further enhanced when soil carbon stocks are considered. For 211 
example, soil organic carbon in 0-30 cm depth in Mt Cameroon or the Usambara Mountains 212 
in Tanzania is > 200 Mg C ha-1 (Munishi & Shear 2004, Tegha & Sendze 2016). 213 
 214 
Apart from conserving the remaining montane forests, efforts towards their restoration 215 
should be maximised. Forest restoration at Kibale National Park in Uganda (one of our study 216 
sites) indicates the potential for rapid AGC accumulation (Wheeler et al. 2016). Our study 217 
shows the high potential AGC-stock these forests can attain. The possible co-benefits of 218 
forest restoration (water regulation, control of soil erosion and landslides, biodiversity) 219 
should also be considered. Most African nations are committed to the Bonn challenge, 220 
Ethiopia leading with 15 million ha committed (Table 1). We provide country-specific 221 
estimates of potential AGC-stocks (Table 1, Fig. S8) to help guide such interventions.  222 
 223 
The newly compiled AfriMont dataset presented here has provided the first large-scale 224 
quantification of AGC-stock in montane tropical Africa, which we show is remarkably high. 225 
Apart from helping refine country-level estimates, and revise IPCC guidelines, continued on-226 
the-ground monitoring of the AfriMont plot network will help determine forest dynamics, 227 
including carbon residence time, and the potential response of these extraordinarily carbon-228 
rich forests to climatic changes. 229 
  230 
Methods 231 
AfriMont (montane) dataset 232 
We compiled forest inventory plot data from the African Tropical Rainforest Observatory 233 
Network (AfriTRON; www.afritron.org ), with data curated at www.ForestPlots.net (Lopez-234 
Gonzalez et al. 2009, 2011), and the TEAM network (Cavanaugh et al. 2014), as well as from 235 
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numerous site-specific publications detailed in Table S5 and mapped in Fig. 1. Plots were 236 
selected for the analysis when conforming to the following criteria: ≥ 800m asl, closed-237 
canopy evergreen wet or moist tropical forest, geo-referenced, old-growth and structurally 238 
intact (not impacted by recent selective logging, fire, or coffee cultivation), with no exotic 239 
species present (e.g. Eucalyptus or Pinus spp.), all trees ≥ 10cm diameter measured and 240 
majority of stems identified to species. We included plots from Virunga Massif in 241 
Rwanda/Uganda even if these were not 100 % closed-canopy due to high abundance of 242 
naturally-occurring bamboo. In all plots, tree diameter was measured at 1.3 m along the 243 
stem from the ground, or above buttresses, if present. In 23 sites tree height was sampled in 244 
the field for some stems, using a clinometer or a laser. Families and species names follow 245 
the African Plant Database (ville-ge.ch/cjb/bd/africa/). The AfriMont dataset consists of 246 
72,336 stems, of which 92.9 % were identified to species, 98.4 % to genus and 98.5 % to 247 
family. This dataset represents a standardised safe long-term repository of valuable 248 
historical data (four other sites we initially considered in the study but tree-level plot data 249 
had already been lost by data owners).  250 
 251 
Lowland Africa dataset  252 
The 132 lowland-forest plots are all from the African Tropical Rainforest Observatory 253 
Network (AfriTRON; www.afritron.org). They were selected using the same criteria as above 254 
(but with elevation <800 m asl), restricted to countries for which we also had montane plots 255 
plus neighbouring countries where the mountains span international borders (e.g. Mt 256 
Nimba spans Guinea and Liberia). The dataset includes 51,305 stems, of which 89.6 % were 257 
identified to species, 97.3 % to genus and 97.7 % to family. 258 
 259 
Literature dataset 260 
We compiled data on AGC-stocks in lowland and montane forests to compare to the 261 
AfriMont data. Data for lowland forests came from Sullivan et al. (2020), and consisted of all 262 
multi and single-census plots that were < 800 m asl. Data for montane forests were 263 
obtained from Spraklen & Rigaleto (2014), with additional Neotropical data from Vilanova et 264 
al. 2018 (synthesising data for Venezuela) and Alvarez-Avila et al. 2017 (synthesising data for 265 
Colombia). Montane plots were defined as being > 800 m asl; elevation was not provided for 266 
the Colombian dataset so plots were selected based on the forest type, and these plots 267 
were not included in analyses requiring elevation. To avoid double counting plots, 268 
Venezuelan and Colombian plots were removed from the Spraklen & Rigaleto (2014) 269 
dataset. 270 
 271 
Aboveground carbon  272 
For each tree in the montane and lowland tree-by-tree datasets we used a published 273 
allometric equation (Chave et al. 2014) to estimate aboveground biomass. This allometric 274 
equation was created using data from directly harvested trees at 58 sites across the tropics, 275 
including eight sites with elevation >800m asl (range 900-3,000m asl) some of which in 276 
Africa. We then converted this to carbon, assuming that aboveground carbon (AGC, in Mg C 277 
ha−1) is 45.6 % of aboveground biomass (Martin et al. 2018). AGC for each plot was 278 
estimated as the sum of the AGC of each living stem, divided by planimetric plot area (in 279 
hectares). If field measurements of slope were unavailable, we converted surface to 280 
planimetric area extracting slope from the SRTM 1 arc-sec (~30m) product. We excluded 281 
tree ferns and palms, as these were not measured in all plots. Chave et al. (2014) includes 282 
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tree diameter, wood mass density and tree height. The best taxonomic match wood density 283 
of each stem was extracted from a global database (Chave et al. 2009, Zanne et al. 2009) 284 
following Lewis et al. (2009). For some sites, all trees in a plot had been sampled for height. 285 
If this was not the case, but some field measurements of height were available (typically 10 286 
stems per diameter class), we constructed a site-specific height-diameter model, using a 287 
Weibull equation (Bailey 1980, Feldpausch et al. 2012). If no field measurements of height 288 
were available, we constructed a cluster-specific height-diameter model, using a Weibull 289 
equation, as explained in Table S3 in Supplementary Information. 290 
 291 
Small plots and data subsampling 292 
For 22 sites where plots were small (<0.2 ha), we aggregated plots to groups of about 0.2 ha 293 
based on their geographic proximity, elevation, environmental affinity and the authors’ 294 
knowledge of the site, to help reduce the variation among plots at site level. This is because 295 
the presence of an extremely large tree in a small plot can result in overestimates of AGC 296 
(Clark et al. 2001). We investigated if using the aggregated-plot approach affected AGC-297 
stock estimates at the site level, and this was not the case (see Fig. S2). We also investigated 298 
if including small plots affected the continental mean AGC-stock estimates, as small plots 299 
have greater edge surface, and there is a subconscious tendency of field teams to include 300 
large trees inside plots when laying out the boundaries (Paul et al. 2019). Including small 301 
plots did not significantly affect our continental mean AGC-stock estimates (see Fig. S2). We 302 
also explored the sensitivity of our continental mean AGC-stock estimates to data 303 
subsampling. Data were resampled at different sample sizes either at plot level (sampling 304 
with replacement) or at site level (sampling without replacement). The number of plots 305 
(n=226) and the number of sites (n=44) we sampled indicate that our estimates of AGC-306 
stock at the continental level are robust (see Fig. S1). They are also not affected by the fact 307 
that we included plots 800-1000m asl (see Fig. S3). 308 
 309 
Size classes 310 
For all plots, we computed the proportion of AGC which was distributed in each size-311 
diameter class, using the classes of Bastin et al. (2018). We also computed stem density, 312 
basal area, density of large trees (>70 cm diameter, named SD70 in stems ha-1) and 313 
Podocarpaceae abundance (in percentage of plot-level basal area). 314 
 315 
Environmental variables and their effects 316 
Environmental variables considered included elevation from SRTM v3 at 1 arc-sec (~30m) 317 
resolution, climatic variables from WorldClimV2 (Fick & Hijmans 2017) at 30 arc-sec (~1 km) 318 
resolution. We also obtained data on cloud cover from Wilson & Jetz (2016) and lightning 319 
frequency (0.1 degree, ~11 km) from the LIS very high resolution climatology (Albrecht et al. 320 
2016). Soil data were obtained from SoilGrids (Hengl et al. 2017).  321 
 322 
Elephant and conifer effects on AGC-stocks 323 
For elephant current presence in the AfriMont plots, we created a binary variable 324 
(presence/absence) based on co-authors knowledge of elephant ranges and elevation 325 
distribution at each site as of 2019. Co-authors estimated that elephants were currently 326 
present in 54 plots, in 12 sites in five countries (see Table S5). For all plots which had at least 327 
one individual of Podocarpaceae family (47 plots, 16 sites, 7 countries), we computed the 328 
contribution of Podocarpaceae to plot basal area and AGC-stock in terms of percentages.  329 



 330 
Statistical analysis 331 
Data were analysed using linear mixed-effects models, with site as a random effect. Site was 332 
included as a random intercept in all models, and as a random slope where relationships 333 
were assessed against elevation. Allowing the slope of the elevation effect to vary amongst 334 
sites in this way captures the a priori expectation for slopes to differ among sites, for 335 
example due to mass elevation effects. The effect of plot size on variation was accounted 336 
for by weighting observations by a power transformation of plot size; this was estimated 337 
during model fitting using the varPower function in the nlme R package (Pinhero et al. 338 
2020), and then models refitted using the lme4 R package (Bates et al. 2015) using these 339 
estimated weights. 95 % confidence intervals and P-values for mixed effects models 340 
parameters were estimated by bootstrapping models (1000 iterations) using the 341 
bootstrap_parameters function in the parameters R package (Lüdeke et al. 2020) AGC-342 
stocks, stem density and SD70 were natural-log transformed (a small constant was added to 343 
SD70 before log transforming to avoid log-transforming zeros) to meet assumptions of 344 
normality and avoid heteroscedacity. Likewise, the proportional contribution of each size 345 
class was square-root transformed. Differences in AGC-stocks between all combinations of 346 
lowland and montane forests amongst continents were assessed using Tukey post-hoc tests 347 
implemented in the multcomp R package (Hothorn et al. 2008). Relationships between AGC-348 
stocks and environmental variables were by fitting all subsets of the full model with all 349 
environmental covariates and averaging the best supported (ΔAIC<4) models (using dredge 350 
and movel.avg functions in the MuMIn R package, Barton et al. 2020). Differences in AGC-351 
stocks between plots with and without elephants were tested using t-test with AGC-stocks 352 
natural-log transformed. We investigated if Podocarpaceae abundance (in terms of basal 353 
area) and plot AGC-stocks were significantly correlated using Spearman's rank correlation 354 
coefficient. 355 
 356 
Estimating forest cover and loss 357 
We obtained estimates of forest cover and loss in the years 2001 through to 2018, using the 358 
‘loss year’ dataset of the Global Forest Change database, version 1.6 (see Hansen et al. 2013 359 
for methods). To exclude plantation forests, ‘dry’ forests (e.g. miombo woodland) and 360 
degraded forests, we applied the ‘primary humid forest’ mask developed by Turubanova et 361 
al. (2018). We distinguished montane from lowland forests using an elevational cut-off of 362 
800-m elevation, using the SRTM v3 product at 1 arc-sec resolution (snapping to the Hansen 363 
grid of the same resolution). Where there were gaps in the 1 arc-sec SRTM product, we 364 
filled these using a 1 arc-sec bilinear interpolation of the (gapless) 3 arc-sec SRTM product. 365 
 366 
  367 



Figures main document 368 

  369 

Fig. 1. Pantropical variation in aboveground carbon stocks in montane and lowland tropical 370 
forests. Data from this study for African montane forests (n = 226 plots), montane forests in 371 
the Neotropics (n = 131) and South-east Asia (n = 32) from Spracklen & Righelato (2014), 372 
Vilanova et al. (2018), Alvarez-Avila et al. (2017), lowland forests in Africa (n = 290), the 373 
Neotropics (n = 416) and South-east Asia (n = 60) from Sullivan et al. (2020). Points show the 374 
AGC-stock in each plot, with point size proportional to square-root plot area. Black points 375 
show means for each continent-elevation category estimated using linear mixed effects 376 
models with site as a random effect, and lines show 95% confidence intervals around 377 
means. Letters indicate signficiant differences between continent elevation category 378 
combinations (linear mixed-effects models with site as a random effect, P < 0.05). SE Asia: 379 
South-east Asia. 380 

 381 



 382 

Fig. 2. Proportion of plot-level aboveground carbon stock (top) and stems (bottom) 383 
accounted for by each size class in montane (n =226) and in lowland (n =132) forests in Africa. 384 
Statistically significant differences in contribution of each size class between montane and lowland 385 
forests are shown by asterisks (linear mixed-effects model, P < 0.05). NS = non-significant difference.  386 
  387 



 388 
 389 

 390 

Fig. 3. Relationship between elevation and (a) plot-level aboveground carbon stock, (b) stem 391 
density  and (c) stem density of large stems (>70 cm diameter). Each response variable was 392 
log-transformed and modelled as a function of elevation with a linear mixed-effect models 393 
with random slopes. The dashed red line shows the relationship across sites (non-significant 394 
in all cases, P ≥ 0.4, Table S3), while the black lines show the relationship within each site. 395 
Point sizes are proportional to square-root plot area. A polynomial model allowing a non-396 
linear relationship with elevation was also tested but not supported over the linear model in 397 
any case (P ≥ 0. 49, Table S3). The absence of a significant relationship with elevation is 398 
robust to removing the two highest elevation sites, RWE and VIR (Table S4).  399 



 400 

 401 

Fig. 4. Old-growth evergreen humid forests in lowland and montane tropical Africa as per 402 
December 2018. Note that montane includes submontane forests (800-1000m asl, light 403 
purple) and that countries have different y-axis. Montane forests represent most (or all) 404 
evergreen humid old-growth forests found in ten African nations: Burundi, Ethiopia, Kenya, 405 
Rwanda, Tanzania, Uganda and Zimbabwe (included in our plot data); and Zambia, Malawi 406 
and South Sudan (no plot data available). Forest cover extracted from Hansen et al. 2013, 407 
clipped to ‘primary humid forest’ using Turubanova et al. (2018).  408 
  409 



Table 1 For each country studied, commitment to the Bonn Challenge, surface of remaining 410 
old-growth montane forest (as per December 2018), montane forest lost for the period 411 
2001-2018, modelled mean aboveground carbon (AGC, in Mg C ha-1) estimates for montane 412 
forests, and number of sites and plots used for these AGC estimates. For comparison at the 413 
country level, surface, mean AGC and number plots used for AGC estimates for lowland 414 
forests are also provided.  415 

a Aneseyee et al. (2015) report 192 Mg C ha-1 for lowland; b Lisboa et al. (2018) report 132.2 Mg C ha-1 for lowland . c Data 416 
from neighbouring Liberia.  417 
* few plots sampled, or very small plots sampled, AGC estimates may not be robust, see Fig. S8 in Supplementary Material. 418 
**Montane forest loss in Mozambique, Uganda and Zimbabwe represents 27%, 13% and 10% of the existing montane 419 
forest in 2001, respectively. Montane forest loss in Côte d'Ivoire (not core country this study) was estimated to be 21% for 420 
the same period. 421 
 422 

  423 

Country Bonn 
Challenge  

(ha) 

Montane 
(ha) 

Montane 
lost (ha) 

Montane AGC Montane 
sites 

(plots) 

 Lowland 
(ha) 

Lowland AGC Lowland 
plots 

Burundi 2 million 25,000 308 94 (47-176) 1 (7) 
 

0  0 

Cameroon 12 million 845,000 30,469 153 (121-195) 7 (37) 
 

17,7 million 166 (151-185) 72 

DRC 8 million 10,2 million 537,722 129 (84-202) 2 (37) 
 

90 million 158 (135-183) 48 

Ethiopia 15 million 1,7 million 62,607 165 (124-215)* 8 (25) 
 

146,000 A 0 

Guinea 2 million 30,000 1,682 314 (147-616)* 1 (2) 
 

196,000 157 (122 – 206)c 24 

Kenya 5.1 million 569,000 44,219 104 (79-136) 8 (38) 
 

37,000  0 

Mozambique 1 million 19,000 6,943** 226 (146-384)* 3 (4) 
 

98,000 b 0 

Nigeria 4 million 42,000 1,380 120 (47-309) 1 (1) 
 

1,7 million 161 (105-262) 2 

Rwanda 2 million 54,000 328 106 (65-168) 2 (11) 
 

0  0 

Tanzania 5.2 million 591,000 14,049 175 (129-234) 6 (29) 
 

131,000 128 (101-163) 16 

Uganda 2.5 millon 427,000 64,642** 158 (111-209) 6 (23) 
 

18,000  0 

Zimbabwe 2 millon 7,000 815** 203 (108-363) 1 (12)   <1,000   0 



 424 
Fig. S1. Sensitivity of our mean aboveground carbon stock estimates to data subsampling. 425 
Data were resampled at different sample sizes either at plot level (sampling with 426 
replacement) or at site level (sampling without replacement). N = 1000 resamples for each 427 
sample size. 428 
  429 



 430 

 431 
Fig. S2. Effect of plot area and aggregation procedure for nearby small plots on estimates of 432 
aboveground carbon stocks. (a) Relationship between aboveground carbon stocks and plot 433 
area of plots prior to aggregation. The red line shows the fit of a locally weighted regression 434 
model (span = 0.75) relating these variables, with dashed lines showing the standard errors. 435 
(b) Variation in aboveground carbon stocks of montane forests in Africa using either all plots 436 
prior to aggregation (unaggregated), plots prior to aggregation but excluding those < 0.2 ha 437 
(unaggregated, >0.2 ha) or the aggregated plots used in the main analyses (aggregated).  438 
 439 
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 441 

 442 

Fig. S3. Robustness of differences in tropical montane forest aboveground carbon (AGC) 443 
stocks among continents to differences in elevation. (a) Elevations of montane forests 444 
sampled in each continent. Violin plots show the distribution of data, with boxplots showing 445 
the median and interquartile range of elevation in each continent. (b) Effect of removing 446 
lower montane plots (< 1000 m) and high elevation plots (> 2200 m asl, approximately the 447 
upper quartile of elevations for the African montane plot dataset) on AGC-stocks in 448 
montane forests in each continent. Mean AGC-stocks and 95% confidence intervals are 449 
shown as estimated by models using i) all data, ii) excluding plots < 1000 m, and iii) 450 
restricting plots to 1000-2200 m. Means for all plots differ from the analysis in Fig. 1 as 451 
literature plots without elevation data (i.e. those in Colombia) were excluded from this 452 
analysis.  Point symbols are proportional to square-root plot area. N = 324 plots. SE Asia: 453 
South-east Asia. 454 
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457 
Fig. S4. Relationship between aboveground carbon (AGC) stocks and elevation in each 458 
continent. Dashed lines show relationships from a linear mixed-effects model of log-459 
transformed AGC-stocks as a function of elevation, continent and their interaction. Site was 460 
included as a random effect, and AGC-stock – elevation relationships allowed to vary among 461 
sites. Lines show fitted slopes across sites. Neither the overall relationship between 462 
elevation and AGC-stocks (t = 0.835, P = 0.392) nor interactions between elevation and 463 
continent (South-east Asia, t = 0.620, P = 0.501; Neotropics, t = 0.099, P = 0.975) are 464 
statistically significant. N = 324 plots. SE Asia: South-east Asia. 465 

 466 
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 469 

 470 

Fig. S5. Environmental drivers of aboveground carbon stocks across sites. Coefficients are 471 
from a linear mixed effect model with site as a random intercept. Results are following all-472 
subsets regression and model averaging, in which variables that do not appear in well 473 
supported models are given coefficients of zero, leading to shrinkage in model coefficients. 474 
Statistically significant relationships (P < 0.05) are indicated with asterisks. TPI refers to 475 
topographic position index (positive values indicate higher than surroundings, negative 476 
values indicate lower than surroundings).  477 

  478 



 479 

Fig. S6. Differences in aboveground carbon stocks in plots located in montane forests with 480 
and without elephants. (a) Differences across all plots in the AfriMont dataset. Carbon 481 
stocks are statistically significantly lower in forests with elephants (t-test, t = 3.5, df=83.5, p 482 
= 0.001). (b) Differences in countries where elephants are present in at least one of the 483 
montane site studied. Black squares show means in each country in forests with or without 484 
elephants – solid lines denote statistically significant differences (t-tests, p < 0.05). Elephant 485 
presence in 2019 was estimated by co-authors (see Table S4).  486 
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 488 

 489 

Fig. S7. (a) Relationship between aboveground carbon (AGC) stocks and Podocarpaceae 490 
basal area, expressed as a percentage of total plot basal area. These variables are not 491 
significantly correlated (rs = 0.085, n = 226, p = 0.205). (b) Distribution of plots with at least 492 
20% basal area of Podocarpaceae (black points) in relation to elevation and AGC-stocks. 493 
AGC-stocks are not significantly related to elevation or Podocarpaceae basal area (Linear 494 
mixed effects model, p = 0.168 and 0.144 respectively). 495 
 496 

 497 
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 499 
Fig. S8. Variation in aboveground carbon stocks amongst countries. Error bars show means 500 
and 95% confidence intervals estimated by mixed effects models. Modelled means have not 501 
been shown for countries with fewer than five plots. Point size is proportional to plot area. 502 
 503 
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Table S1. Estimated differences in aboveground carbon (AGC) stocks amongst continents and 505 
forest elevation category. Coefficients are from a linear mixed effect model, where Africa 506 
montane forests are taken as the model intercept; other coefficients show differences from 507 
this intercept. 95% confidence intervals and P-values were estimated by bootstrapping the 508 
fitted model. AGC-stocks were log-transformed prior to analysis, and coefficients relate to 509 
the log-transformed variable.   510 

 511 
Term Estimate LCL UCL P 
Intercept - Africa montane 5.008 4.921 5.101 <0.001 
Difference: 
Africa lowland 

 
0.056 

 
-0.066 

 
0.170 

 
0.360 

South-east Asia montane -0.035 -0.287 0.202 0.793 
South-east Asia lowland 0.305 0.142 0.472 <0.001 
Neotropics montane -0.529 -0.655 -0.411 <0.001 
Neotropics lowland -0.277 -0.386 -0.175 <0.001 

 512 
 513 
  514 



Table S2. Difference in contribution of different size classes to aboveground carbon (AGC) 515 
stocks and number of stems between montane and lowland forests. Coefficients are from 516 
linear mixed effects models of the proportion contribution of a given size class against forest 517 
elevation category are shown. Proportions were square-root transformed prior to analysis, 518 
and coefficients relate to the transformed variables. 95% confidence intervals and P-values 519 
were estimated by bootstrapping the fitted models. 520 
 521 
Variable Size class Difference from 

lowland 
LCL UCL P 

AGC-stocks <30 -0.018 -0.071 0.031 0.474 
 30-50 -0.004 -0.044 0.036 0.835 
 50-70 -0.024 -0.066 0.016 0.240 
 >70 -0.011 -0.100 0.075 0.799 
Stems <30 -0.031 -0.059 -0.004 0.026 
 30-50 0.030 0.003 0.056 0.022 
 50-70 0.014 -0.015 0.044 0.378 
 >70 0.018 -0.019 0.055 0.334 
 522 
  523 



Table S3. Relationship between aboveground carbon stocks, stem density and density of 524 
large stems (>70 cm diameter, SD70) with elevation. Relationships are from linear mixed-525 
effects models with site as a random effect, and relationship with elevation allowed to vary 526 
with site. Response variables were log-transformed, and elevation was scaled by subtracting 527 
its mean and dividing by its standard deviation. 95% confidence intervals and P values were 528 
obtained by bootstrapping the fitted models. Polynomial and linear models were compared 529 
using likelihood ratio tests; slopes are from linear models. RWE: Rwenzori Mts, VIR: Virunga 530 
Mts, see Table S4. 531 
 532 
 All data     Excluding RWE and VIR   
Response 
variable 

Slop
e 

LCL UCL P Significance 
of non-linear 
relationship 

Slope LCL UCL P Significance of 
non-linear 
relationship 

Carbon 
stocks 

-
0.04
1 

-
0.13
9 

0.05
6 

0.41
6 

χ2
1 = 0.173, P 

=0.677  
-
0.037 

-
0.15
4 

0.08
1 

0.53
5 

χ2
1 = 0.611, P = 

0.434 

Stem 
density 

-
0.03
3 

-
0.11
4 

0.05
4 

0.44
8 

χ2
1 <0.001, P = 

0.983 
-
0.041 

-
0.12
2 

0.04
3 

0.37
2 

χ2
1 = 0.125, P = 

0.724 

SD70 -
0.08
4 

-
0.30
0 

0.14
1 

0.42
0 

χ2
1 = 0.461, P 

= 0.497 
-
0.003 

-
0.24
0 

0.22
6 

0.98
5 

χ2
1 = 5.595, P = 

0.018* 

* Polynomial model: SD70 = 2.740 – 0.530 Elevation + 2.601 Elevation2 533 
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Table S4 Site attributes. Plot size refers to planimetric area. Elevation from SRTM v3 at 1 535 
arc-sec (~30m) resolution. 536 
 537 

Country Site Code No 
plots 

Size 
range   Elevation Elephants Main reference 

Burundi Kibira NP  BUR 7 1.8-3.6 a 1900-2500 0 Hakizimana et al. 2016 

Cameroon Babanki BAB 2 0.72-1 a 2000-2350 0 unpublished 

 Bakossi Mts BAK 12 0.91-
0.99  1000-1400 0 Sainge et al. 2018 

 Mt Cameroon CAM 10 0.5-1.1 a 960-2270 1 (some) Horak et al. 2019 

 Mt Mbam MBA 2 0.23-
0.54 a 1760-2220 0 Ngute et al. 2019 

 Nguti  NGI 3 0.80-
0.87  870-940 1 unpublished 

 Mt Oku OKU 2 0.39-
0.54 a 2200-2700 0 Ngute et al. 2019 

 Rumpi Hills RUM 4 0.95-
0.99  1350-1750 0 Sainge et al. 2019 

 Takamanda TNP 2 1  1190-1290 1 Lewis et al. 2013 

DRC Itombwe Mts ITO 8 0.9  1100-2470 1 (some) Imani et al. in review 

 Kahuzi-Biega NP KAH 29 0.9  1630-2430 0 Imani et al. 2017 

Ethiopia Bonga BON 5 0.19-
0.82 a 1570-2660 0 Schmitt et al. 2013 

 Harena Forest (Bale) HAR 4 0.19-
0.27 a 800-1120 0 Schmitt et al. 2013 

 Jaba JAB 1 0.26 a 1500-1650 0 Schmitt et al. 2013 

 Kafa Biosphere Reserve KAF 7 0.24-
0.35 a 1470-2670 0 DeVries et al. 2012 

 Munessa Forest (Bale) KUK 1 0.49 a 2300-2310 0 Hiltner et al. 2016 

 Berhane–Kontir SHE 6 0.19-
0.23 a 1520-2090 0 Schmitt et al. 2013 

 Yayu Coffee Forest  YAY 1 0.99  1500 0 unpublished 

Guinea Mt Nimba NIM 2 0.36-
0.42 a 760-1060 0 unpublished 

Kenya Aberdares Mts ABE 5 0.35-
0.77 a 2270-3020 1 Maina et al. 2017 

 Mt Kulal KUL 9 0.2  1800-2150 0 Cuni-Sanchez et al. 2017 

 Mt Marsabit MAR 6 0.2  1070-1400 1 Cuni-Sanchez et al. 2017 

 Mau Forest Complex MAU 3 0.27-
0.45 a 2080-2850 1 Kinyanjui et al. 2014 

 Mt Nyiro NYI 9 0.2  2150-2710 0 Cuni-Sanchez et al. 2017 

 Taita Hills TAI 6 0.2-1.6 a 1550-2170 0 Adhikari et al. 2017 

Mozambique Mt Lico LIC 1 0.11 a 900-1000 0 unpublished 

 Mt Mabu MAB 2 0.11-
0.18 a 1000-1320 0 unpublished 

 Mt Muli MUL 1 0.11 a 1200-1280 0 unpublished 

Nigeria Ngel-Nyaki FR NGE 1 1  1570 0 Abiem et al. 2020 

Rwanda Nyungwe NP NYU 5 0.5  1950-2480 0 Nyirambangutse et al. 2017 

 Virunga Mts VIR 6 0.99  2470-3390 1 unpublished (TEAM) 

Tanzania Nguu GUU 1 0.38  950 0 Willcock  et al. 2014 

 Mt Kilimanjaro KIL 13 0.19-
0.25  1630-2800 0 Ensslin et al. 2015 

 Udzungwa Mts UDZ 7 0.85-
0.97  1140-1970 0 Willcock  et al. 2014 

 Ukaguru UKA 2 0.37-  1190-1640 0 Willcock  et al. 2014 



0.39 

 Uluguru ULU 2 0.18-
0.26  970-2110 0 Willcock  et al. 2014 

 Usambara Mts USA 4 0.97-
0.99  1050-1830 0 Willcock  et al. 2014 

Uganda Budongo FR BUD 1 1.86  1090 0 Sheil et al. 2000 

 Bwindi NP BWI 6 1  1420-2380 1 Cavanaugh et al. 2014 

 Kibale NP KIB 4 0.24  1210-1540 1  Wheeler et al. 2016 

 Mapanga MPG 1 0.63  1180 0 Lewis et al. 2013 

 Rabongo FR RAB 7 1  950-990 1 Sheil and Salim 2004 

 Rwenzori Mts RWE 4 0.61-
0.86 a 1800-3900 1 (some) unpublished 

Zimbabwe Chirinda FR CHI 12 0.24   1090-1250 0 unpublished 
a plots were originally  <0.2 ha and were aggregated into larger plots, see methods for details. Elevation for these plots 538 
refers to original unaggregated plots. 539 
FR: Forest Reserve, NP: National Park.  540 
For elephants: presence in all plots in the site (1), some plots in the site (some) and absence (0). Presence in 2019 was 541 
estimated by co-authors and refers to variable densities of resident and migrant elephants of both the savanna elephant 542 
(Loxodonta africana) and the smaller forest elephant (L. cyclotis). In some sites elephants are confined and highly abundant 543 
(e.g. in ABE, where there is an electric fence), conditions which might not have occurred under ‘natural’ circumstances in 544 
the past.545 



Table S5 Parameters of the cluster-specific height-diameter allometric models used in this study.  A Weibull model (Bailey 1980, Feldpausch et 546 
al. 2012) were used. 547 

Cluster Sites with field height Heights sampled Sites without field height a b c 

high EA ABE, KUK, RWE(high) 1690 MAU(high), VIR(high) 1671 0.0019 0.485 

high Kilimanjaro KIL(high) 677 
 

25.949 0.035 1.016 

dry EA KUL, NYI 679 
 

1314 0.0032 0.392 

dry WA (& YAY) BAB,MBA, OKU 1467 NGE, YAY 25.677 0.047 0.926 

wet WA NGI, TNP 331 BAK, NIM, RUM (low) 46.087 0.063 0.659 

mid Albertine/EA 
 
 

 
BUR,BWI(high), 
ITO(high), KAH, NYU, 
RWE(low) 

 
5363 

 
 

BON, JAB, KAF, MAU (mid), SHE, VIR(low) 
 
 

30.409 
 
 

0.025 
 
 

1.021 
 
 

low Albertine BUD, ITO(low), KIB 617 BWI (low), MPG, RAB 99.994 0.023 0.699 

Mt Cameroon CAM 4014 RUM (mid) 28.845 0.03 0.989 

mid VTA & Mozambique  
 

 
KIL(low), TAI, UDZ, 
USA(mid) 

1046 
 

CHI, LIC, MAB, MUL, UKA(mid), ULU(mid) 
 

127.507 
 

0.02 
 

0.592 
 

low VTA USA(low) 109 GUU, UKA(low), ULU (low) 50.042 0.025 0.96 

hyper dry EA MAR 301 HAR 25.691 0.195 0.493 
EA: East Africa, WA: West Africa, low: low elevations, mid: mid elevations, high: high elevations. For site codes refer to Table S1. 548 
 549 
Plots were clustered using selected climatic variables (mean annual temperature, temperature seasonality, total precipitation, precipitation seasonality and 550 
minimum temperature). We computed aboveground carbon estimates for sites with field height (H) measurements available, using: a) field-H, b) cluster-551 
specific-H-model and c) all-sites-H-model. For most sites (except two) approach b (cluster-specific-H-model) outperformed approach c (all-sites-H-model), 552 
approach b was used for sites with no field measurements of height. 553 
 554 


