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Demand for minerals sourced from sub-Saharan Africa is expanding rapidly* .

If poorly managed, mining expansion poses a key threat to tropical forests across
the continent®’. Here we present a spatiotemporal assessment of mining-driven
deforestation of dense forests across Africa, using continent-wide data on post-

deforestation land uses and a robust difference-in-differences framework to assess
16,627 mines between 2001 and 2020. In total, we find 187,000 hectares of direct
mining-driven deforestation, that s, deforestation due to features directly associated
with mining operations, such as pits, tailing ponds and spoil heaps. We estimate that
mining also triggers an additional 8.0 percentage points (pp; 95% confidence interval
(CI):7.2-8.9 pp) increase in deforestation within 1 km of a mine compared with
unmined areas. Increased levels of deforestation (1.1 pp, 95% CI: 0.7-1.5) persist

up to 20 km from mines even after ten years. For every hectare of direct deforestation
due to the mine footprint, mining triggers, on average, 34 hectares of additional
offsite loss within five years through ancillary activities, including agriculture and
settlements. Mines extracting cobalt and copper—key energy transition minerals—
caused the highest amount of additional deforestation. Embedding offsite
deforestation levels into environmental impact assessments for new mining projects
will be key to ensuring zero-deforestation or no-net-loss supply chains for critical
minerals and reduce future mining-driven forest losses in sub-Saharan Africa.

Global demand for metal ores and minerals is rising markedly'2. The
extraction of metal ores has quadrupled®since 1970, fuelling rapid eco-
nomic growth. The total, orembodied, volume of material stock used
inbuildings, infrastructure and machinery increased* 23-fold between
1990 and 2010. Moreover, the conversion of currency into gold during
global periods of financial upheaval has increased gold exploitation®,
and the global shift towards renewable energy has further heightened
demand for key energy transition minerals (ETMs), including cobalt,
lithium and copper®.

Globally, mining directly threatens 8% of vertebrate species and
drives widespread habitat loss™™°. This is concerning given that more
than 20% of the remaining intact tropical forest lies in mineral, gas or
oil concessions, many of which are stillin the exploration stage. Mine
expansion affects forests directly when land is cleared for mining pits
or shafts, on-site processing, spoil heaps, or tailing storage facilities.
More than 325,000 hectares (ha) of tropical forest was lost directly to
industrial mining® between 2000 and 2019. However, focusing solely
on mine footprints ignores ancillary offsite anthropogenic activities
triggered by mining indirectly, including the construction of ports,
roads and railways, settlements and agricultural expansion>™. Each
of these activities drives further deforestation™' and increases for-
est accessibility, facilitating hunting and trapping”*®. National-scale

attempts to estimate total offsite deforestation caused by mining vary
substantially from no-detectable-netimpact inZambia and Madagas-
car®®, tosignificant net-negativeimpacts in the Democratic Republic
of the Congo (DRC) and Brazil*?. Such variability emphasizes the need
for continental-scale assessments of the spatial and temporal impact
of mining on direct and offsite (indirect) deforestation.

Here we uniquely quantify direct and offsite mining-induced
deforestation of dense forest across sub-Saharan Africa by combin-
ing 16,627 distinct clusters of mines mapped in forested areas® with
20-years of forest-cover data* and by using recent advances in robust
differences-in-differences (DID) inferential approaches®*. We account,
at the continental scale, for both direct mining deforestation driven
by the mines themselves (such as pits and tailing ponds), and offsite
deforestation through other processes (including road construc-
tion and agricultural and urban expansion) that may be triggered by
mine establishment. Sub-Saharan Africa has the largest known global
reserves of many strategically important minerals’, including 48%
of cobalt and manganese reserves?, and has seen surges in foreign
investment fuelling a mineral boom and rapid mining expansion®,.
Its forests contain globally vital carbon stocks? and are hotspots of
biodiversity®’; thus, itisimperative that mining expansion be sustain-
able and well managed across the continent. Specifically, we address
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Fig.1|Direct mining-induced deforestation across sub-Saharan Africa
between2001and2020. a, Area (ha) of direct mining-induced deforestation
of dense forest per 30 km?cell. b, Direct mining-induced deforestation
compared with the percentage of national deforestation accounted for by
direct mining-induced deforestation between2001and 2020. ¢, Three-year
average annual direct mining-induced deforestation per country between 2001

four key questions assessing (1) what the spatiotemporal footprint
of direct mining-driven deforestation across sub-Saharan Africais;
(2) how much total additional deforestation (summed direct and
offsite) is driven by mine establishment; (3) how much of the total
additional deforestation triggered by mining occurs offsite through
ancillary activities relative to the direct mine footprint; and (4) how
the total additional deforestation varies between mined commodities.

Deforestation footprint of African mines

Across sub-Saharan Africa, there was 187,070 ha of direct mining-
induced deforestation of dense forest (=50% tree cover) between 2001
and 2020 (Fig.1a) in16,627 distinct clusters of minesin forested areas
(>33% forest cover within 0-5 km, where forest is defined as 250% tree
cover) identified using a pan-African dataset of post-deforestation land
uses®. One-third (n = 6,028) of mines were located in the DRC, where
39,000 ha of direct mining-driven deforestation occurred. The DRC,
Ghana (28,000 ha) and Madagascar (17,500 ha) together accounted
for 45% of all direct mining-induced deforestation of dense forest
across sub-Saharan Africa (Fig. 1b and see Supplementary Table 1 for
national values). When considering the proportion of all national defor-
estation between 2001 and 2020 that was caused by mining (Fig. 1b),
the highest losses were in Equatorial Guinea (4.9%), Ghana (3.2%) and
Eswatini (1.5%). Of the 35 sub-Saharan African countries where direct
mining-induced deforestation was detected frequently (thatis, in ten
or more years), 25 demonstrated increasing trends (Mann-Kendall
test, P<0.05) in annual direct mining-driven deforestation (Fig. 1c).
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and 2020.Eachlinerepresentsasingle country. The five largest countriesin
terms of summed direct mining-induced deforestation during the analysed
period are labelled. Only countries with more than 100 ha of mining-induced
deforestation are shown. A fulllist of three-letter country codes and the
corresponding country nameis provided in Supplementary Table 2.

Theseincluded four of the five most heavily mined countries (the DRC,
Ghana, Madagascar and Angola, but not South Africa).

New mines drive additional deforestation

The cumulative additional total deforestation (summed direct and
offsite) triggered by mining was estimated using heterogeneity-robust
DID methods®to track deforestation in concentric ring buffers around
mines before and after mining operations started, using a ‘not yet
treated’ quasi-experimental design (Methods). Across sub-Saharan
Africa, mining caused an overall mean increase in deforestation of
8.0 pp (95% ClI: 7.2-8.9 pp) within 1 km of a mine after ten years com-
pared to unmined areas (Fig. 2a). At1-5 km from a mine, the region-wide
average effect was smaller, but remained substantial, with ata 3.6 pp
(95% Cl: 3.0-4.2 pp) increase in cumulative deforestation after ten
years (Fig.2c). Between 5-10 kmand 10-20 km from mines, cumulative
deforestation across tenyearsincreased by 1.9 pp (95% Cl:1.4-2.4 pp;
Fig.2e) and 1.1 pp (95% CI: 0.7-1.5 pp; Fig. 2g), respectively. The greatest
impactsin each concentric buffer predominantly occurredinthe years
immediately after the mine was established (Fig.2a,c,e,g), and cumula-
tive impacts plateaued after five yearsin some countries. Thus, mining
had the greatest effect on total additional deforestation near mining
sites and in the years immediately after establishment. Furthermore,
total additional deforestation was correlated with mine size: the largest
mines had the greatest additional forest losses (Supplementary Fig.1).

The amount of additional deforestation within 1 km of a mine ten
years after operations started increased in 18 of the 23 countries
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Fig.2|Estimated total additional (direct and offsite) deforestation

after miningis detected, across time and space in sub-Saharan Africa.
a,c,e,g, Additional deforestation within 0-1km (a), 1-5 km (c), 5-10 km (e)

and 10-20 km (g) buffers. Individual country mean average treatment effect
onthetreated (ATT) estimates derived from our DID framework are shownin
grey; mean estimates and 95% Cls across sub-Saharan Africaare showninred
and palered, respectively (n=15,477 clusters).b,d,f h, Summary of estimated

(Fig. 2b), with increases in deforestation ranging from 5.1 pp (95%
Cl: 2.5-7.6 pp) in Ghana to 13.6 pp (95% CI: 7.5-19.7 pp) in Equato-
rial Guinea. At 1-5 km from a mine, increased deforestation per-
sists for 12 of the 23 countries (Fig. 2d), ranging from 2.6 pp (95% ClI:
1.4-3.7 pp) in Gabon to 6.7 pp (95% Cl: 4.7-8.8 pp) in the Republic
of the Congo. Almost half (10 out of 23 countries; Fig. 2f) had a sta-
tistically detectable impact at 5-10 km from mining epicentres,
varying from 1.2 pp (95% Cl: 0.3-2.1 pp) in Gabon to 4.3 pp (95% CI:
2.9-5.7 pp) in the Republic of the Congo. Ghana, Cameroon, the Cen-
tral African Republic, the Republic of the Congo and the DRC all had
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additional pp of deforestation after ten years for allincluded countries (black)
and across sub-Saharan Africa (red) within 0-1km (b), 1-5 km (d), 5-10 km (f),
and10-20 km (h). Note, the y axisin his cropped to ease visualization, the
uncertainty for Zimbabwe (ZWE) extends beyond what is shown. Closed circles
denote astatistically significant effect; open circles denote effects that are not
significant. Points are mean ATTs and error bars are 95% Cls. Supplementary
Fig.2includes a covariate-conditioned version of this analysis.

statistically significant impacts up to 10-20 km from mining sites
(Fig. 2h).

Werepeated our mainanalyses using arecently proposed alternative
heterogeneity-robust two-stage imputation-based DID estimator and
aweighted stacked DID estimator>. The results from these reanalyses
supportourfindings and, in some cases, suggest that the estimates may
be conservative (Supplementary Note1and Supplementary Figs.2-8).
Wealsorepeated our analyses using both approaches after condition-
ing onasuite of covariates, the results of which were more conservative
but remained comparable (Supplementary Note 1).
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Fig.3|Relativeimpacts of direct mining-induced deforestation and offsite
deforestation (suchas agriculture and infrastructure) after mining is
detected. a, Ratio of offsite to direct dense-forest loss in a 0-5 km buffer,

five years after mining detection (thatis, the number of ha of deforestation
that occurs offsite per haof direct deforestation). Countriesinlight grey
werenotincludedintheanalysis (see Methods), countriesindark grey were
included but did not have significant estimates of direct or offsite additional
deforestation estimates after five years. b, Scatter plot of the total dense-forest
arealostdirectly because of mining and the ratio of mean additional offsite to
direct deforestation five years after mining detection. Countries and points

Offsite losses far exceed mine footprint

Offsite deforestation triggered by mine establishment (such as road
construction and agricultural and urban expansion) varied substan-
tially between countries and was, in most cases, much larger after five
yearsthan thelosses attributed to the direct mining footprint (Fig. 3a
and Supplementary Figs. 9-11). Across sub-Saharan Africa, we estimate
that for each hectare (ha) of deforestation attributed directly to the
mine footprint, an additional 33.9 ha of dense forest was lost to off-
sitedrivers. Most offsite losses were due to the additional agricultural
expansion triggered by mine establishment. Concurrent settlement
expansion was an important driver of loss too, with losses from road
developmentrepresenting only asmall portion (Supplementary Figs. 9
and10). The greatest relative offsite impacts werein the DRC, with 58.1
additional ha of total offsite deforestation (Fig. 3). The scale of direct
forestlossinthe DRC (39,000 ha) means that mining-driven deforesta-
tionlevelsin this country are of severe concern for conservation efforts
(Fig. 3b). Large relative offsite impacts were also detected in Mozam-
bique (52.4 haof offsite loss per direct ha), the Central African Republic
(50.0 ha), Angola (49.2 ha), Sierra Leone (44.2 ha) and Cote D’Ivoire
(42.9 ha), although the direct mining footprintin these nationsis each
less than one-third of the loss seen in the DRC. Other nations, such
as Equatorial Guinea, had a much lower additional footprint (6.0 ha)
coupled with the direct mine footprint having alow total area (Fig. 3b).
These estimates agree strongly with the reanalyses performed using
an alternative heterogeneity-robust two-stage DID estimator (Sup-
plementary Fig. 4 and Supplementary Note 1).

High impact of critical mineral mining

Of the 16,627 mines detected, 1,127 (around 7%) could be linked to at
least one specific mineral being extracted using registered mining
databases®. Additional total deforestation triggered by mining var-
ied substantially depending on the mineral mined (the commodity;
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are coloured according to this ratio; the point size isrelative to the total area
deforested directly by mining (2001-2020; see x axis for values). Dark grey
points are countries where either direct or offsite additional deforestation
estimates had anuncertain direction but a positive mean effect; all yellow
tored coloured points and countries had significant additional direct and
offsite deforestation estimates. For three countries (Nigeria, Republic of
Guinea and Guinea-Bissau), we were unable to estimate distinct direct or
indirect effects; these are not plotted. The dashed line denotes the sub-Saharan
Africanestimate.

Fig.4). Mines at which cobalt (15.27 pp; 95% CI: 0.9-29.6 pp) and cop-
per (15.16 pp; 95% Cl: 4.6-25.7 pp) were extracted were associated with
the highest additional cumulative deforestation within1 km of amine
after ten years (Fig. 4a,b), with reduced impacts remaining sporadi-
cally up to 1-5 km from mines; however, no significant impacts were
seen in the 5-10 km and 10-20 km buffers (Supplementary Fig. 12).
Manganese mines were the only mineral mines to have no statistical
evidence of additional cumulative deforestation in any buffer ring or
time period (except for asmall directional effect after three years within
1km; Fig. 4f), although the sample size was limited (n = 54).

Mines at which high-value minerals were extracted all showed simi-
lar responses, triggering additional cumulative deforestation within
1km after tenyearsof 11.6 pp (95% Cl: 6.8-16.4 pp) for diamond, 8.7 pp
(95% ClI: 5.5-11.9 pp) for gold and 7.2 pp (95% ClI: 3.3-11.2 pp) for sil-
ver (Fig. 4c,d,g). Significant cumulative effects persisted for up to
5 km for diamond, silver and gold mines and for up to 10 km after ten
years for silver mines. Iron mines had the largest area of effect, with
significant additional cumulative deforestation occurring in all con-
centric ring buffers up to nine years after establishment (Fig. 4e). Inthe
0-1km buffer, we estimate 14.5 pp (95% Cl: 5.6-24.4 pp) of additional
deforestation from iron ore mines. This decreases to an additional
11.9 pp (95% CI: 3.4-20.3 pp) in the 5-10 km buffer and 9.7 pp (95% CI:
0.96-18.6) in the 10-20 km buffer (Supplementary Fig. 12). Despite
the small number of known mapped mining sites (n =26), uranium
mines triggered a significant 16.4 pp (95% Cl: 4.5-28.3 pp) increase in
cumulative deforestation within 1 km after ten years, but changes in
cumulative deforestation atin the 1-5and 5-10 km buffer zones were
mostly uncertain (Supplementary Fig.13).

Our estimates of additional mining-induced deforestation are
based onthe best available data, but these datastill have caveats. First,
although the post-deforestation land-use dataset used is the most
comprehensive available for the region, its starting period of 2001
may mean that some of the mines first detected in 2001-2002 were
actually established before 2000. However, a sensitivity analysis in
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Fig.4 |Estimated additional deforestation per key commodity across
space and timeinsub-Saharan Africa. a-g, Additional percentage points

of deforestation detected in concentric buffer rings of 0-1km, 1-5km and

5-10 km concentric buffer rings around mines extracting cobalt (a), copper (b),
manganese (c), diamonds (d), gold (e), silver (f) and iron (g). Solid lines denote
the mean additional deforestation; and the dashed ribbonindicates the 95% CI.

which mines identified in the first two years were removed produced
highly comparable results to the main analysis (Supplementary Fig.14).
Second, the mining-commodity data used are the most comprehensive

Time (years since mining start)

Time (years since mining start)

Maps show countries witheach commodity per row in colour; allincluded
countries areshowningrey. The number of mines for each commodity is
indicated. Estimates for titanium and uraniumare shownin Supplementary
Fig.13. The y-axis scale varies between panels but remains constant within a
panel. Commodities are obtained by combining the mine datain this study
withaglobal dataset on mined commodities®.

available but have key omissions; data are missing particularly for
poorly documented regions, unregulated or small-scale mining sites
and construction minerals®. This restricts our analysis of commodity

Nature | www.nature.com | 5



Article

impacts toasubset of mines that have commodity data available; thus,
we encourage caution when generalizing these results. Futhermore,
we focus on dense forest (>50% tree cover), which excludes a subset
of mining-driven deforestation in regions with drier, more open for-
est with lower tree cover (for example, areas of southern and eastern
Africa). We also do not examine any potential increases in degradation,
particularly from small-scale or sub-canopy mining, because such
increases are difficult to detectat 30 mresolution** and, as such, the
study may underestimate the total extent and impact of small-scale
mining.

Discussion

This study provides comprehensive estimates of mining-induced
deforestation of dense forest across sub-Saharan Africa, identify-
ing 187,070 ha of direct mining-induced deforestation—for instance,
from pits, tailing ponds and spoil heaps—between 2001 and 2020.
This is almost four times the direct mining-induced deforestation
footprintrecorded across Africain previous studies that were limited
to industrial mining?®. Crucially, this direct deforestation is dwarfed
by an 8 pp increase in total deforestation triggered within 1 km of
mined areas compared with unmined areas. Moreover, increased
deforestation effects persist up to 20 km from mines. This represents
a34-foldincrease in additional deforestation relative to on-site loss,
through ancillary activities such as agriculture, urban expansion and
road construction. Effectively managing and minimizing additional
mining-associated deforestationis therefore critical to maintaining the
globally vital carbon stocks and biodiversity of sub-Saharan Africa’?**°.

Previous studies that quantify mining-driven deforestation at the
regional scale have predominantly focused on quantifying the losses
driven by the direct mining footprint®. Finer-scale studies focusing
on offsite mining impacts have found additional deforestation up to
5 km from 255 artisanal mines in the eastern DRC?, up to 10 km from
446 mine clusters in the southern Cote d’Ivoire* and up to 70 km from
50 large industrial mines in the Brazilian Amazon®. The substantially
larger area ofimpactinthe Brazilian Amazon, relative to this study and
prior estimates across the African continent, is likely a product of the
larger mine size and the creation of considerable extra road and rail
infrastructure to link large mines and ports?.

Economic development and the global energy transition will con-
tinue to drive aboom in mining activities across Africa, with demand
for key ETMs sourced predominantly from Africa expected to grow
by up to 40-fold by 20408, Although this represents an important
opportunity for socio-economic developmentin many African coun-
triesthatrely onartisanal and industrial mining as akey element of their
economy>"*, our results underscore the severe risks to the continent’s
remaining forest habitats under business-as-usual mining practices.
Future environmental impact projections for cobalt mining—the
DRC alone accounted for 80% of global cobalt production® in 2024—
suggest that these impacts will only continue to grow and their reduc-
tion is linked tightly to the success of mineral recycling initiatives*C.
Furthermore, the extensive offsite deforestation impacts of mining
(Fig.3and Supplementary Fig. 4) are considered rarely but must form
a key element of environmental impact assessments and licensing
procedures for new mining projects®. Thisis particularly important for
proposed sites that are close to protected areas or lands of Indigenous
populations, given that most ETM projects in Africa are located on or
near land belonging to Indigenous peoples or small-holder farmers
and pastoralists*.

Offsite deforestation risk is further compounded by the diversity
of mechanistic pathways for impacts around mines (such as settled
workers and agricultural expansion) that require improved under-
standing. Although we examine the expansion of land uses around
mines, how differing mine features may contribute to heterogeneity
remains animportant research frontier. One important distinction is

6 | Nature | www.nature.com

betweenindustrial and artisanal mining, because these two forms will
drive differingamounts of additional deforestation through differing
populationmovements, food requirements and associated infrastruc-
ture?*2, We show that larger mines have a greater deforestation foot-
print, but mine size is ineffective at distinguishing between industrial
and artisanal mining (for example, very large-scale artisanal mining
sites in Kolwezi and Mutanda in the DRC). Further work is required
to map the different forms of mining and evaluate their individual
offsite deforestation impacts. Mitigating offsite impacts may also be
hampered especially inareas with weak governance, lax enforcement
or corruption****, Furthermore, some of the mines included in this
study, and many operating across Africa more broadly*, are unregis-
tered, informal or illegal and therefore not subject to environmental
impact assessments.

Advancesinsatelliteimagery and machine-learning methods* facili-
tated our analysis of mining-induced deforestation across sub-Saharan
Africa. However, at a global scale, comprehensive wall-to-wall data
on the spatial distribution of mines are still lacking, and are limited
mostly toinformation about mines reported in online databases®. We
thereforelack aregional-scale understanding of the additional mining
deforestation footprint (both direct and offsite) across specific com-
modities in other key biodiversity and carbon hotspots that are par-
ticularly threatened by mining activity, suchas much of South America
and the tropical lowland forests of Southeast Asia****°, OQur under-
standing of where specific minerals are extracted is limited, and our
studyis only ableto link fewer than10% of mines to acommodity. This
data paucity hampers our ability to distinguish between and address
commodity-specific environmental impacts at scale and highlights the
need to work with the mining community to develop a better under-
standing of mining footprints and environmental outcomes*é. This
issue goes beyond the impact of mining on deforestation, as shown
here, to include other environmental effects, such as groundwater
and air pollution*, human health impacts*® and degradation of both
forest and non-forest natural ecosystems*. Quantifying these mining
impactsisakey future research direction. Animportantissue will also
be the impact of mining sites being abandoned, whether because
continued operations at the mine are not economically feasible or
because deposits are exhausted. Evidence suggests that, in addition
to mine establishment®, mine abandonment also drives a spike in
deforestation, too, because communities seek to establish alterna-
tive livelihoods**.

Given the accelerating global demand for minerals, it is essential
to embed robust environmental impact assessments at the point of
supply, with transparent supply-chain traceability until the point of
demand, to assess and mitigate the environmental and societal harms
from poorly regulated mining enterprises®'. Enhanced monitoring and
mitigation verification of global mining activities will only be possible
inplacesinwhichadvancesinsatelliteimagery and modelling methods
can produce comprehensive maps of mining activities and track onsite
and offsite leakage and environmental degradation. This is akey pre-
requisite for moving towards asystem-level understanding, which links
the sources of mineral demand to spatially explicitimpacts at specific
miningsites. Thisis the only way to shift towards zero-deforestation or
no-net-loss supply chains, as already done in the agriculture and food
sector®*%, Progressing towards this goal is essential to ensure that the
ongoingand future greenenergy transitionis not built onafoundation
of avoidable deforestation.

Online content

Any methods, additional references, Nature Portfolio reporting summa-
ries, source data, extended data, supplementary information, acknowl-
edgements, peer review information; details of author contributions
and competinginterests; and statements of data and code availability
are available at https://doi.org/10.1038/s41586-026-10551-2.


https://doi.org/10.1038/s41586-026-10551-2

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.
30.

31.

32.

33.

Lenzen, M. et al. Implementing the material footprint to measure progress towards
Sustainable Development Goals 8 and 12. Nat. Sustain. 5, 157-166 (2022).

Schandl, H. et al. Global material flows and resource productivity: forty years of evidence.
J. Ind. Ecol. 22, 827-838 (2018).

Giljum, S. et al. Metal mining is a global driver of environmental change. Nat. Rev. Earth
Environ. 6, 441-455 (2025).

Krausmann, F. et al. Global socioeconomic material stocks rise 23-fold over the

20th century and require half of annual resource use. Proc. Natl Acad. Sci. USA 114,
1880-1885 (2017).

Alvarez-Berrios, N. L. & Mitchell Aide, T. Global demand for gold is another threat for
tropical forests. Environ. Res. Lett. 10, 014006 (2015).

Giljum, S. et al. A pantropical assessment of deforestation caused by industrial mining.
Proc. Natl Acad. Sci. USA 119, e2118273119 (2022).

Edwards, D. P. et al. Mining and the African environment. Conserv. Lett. 7, 302-311 (2014).
IEA. The Role of Critical Minerals in Clean Energy Transitions (IEA, 2021).

Sonter, L. J., Dade, M. C., Watson, J. E. M. & Valenta, R. K. Renewable energy production
will exacerbate mining threats to biodiversity. Nat. Commun. 11, 4174 (2020).

Lamb, I. P, Massam, M. R., Mills, S. C., Bryant, R. G. & Edwards, D. P. Global threats of
extractive industries to vertebrate biodiversity. Curr. Biol. 34, 3673-3684.e4 (2024).
Grantham, H.S. et al. The emerging threat of extractives sector to intact forest landscapes.
Front. For. Glob. https://doi.org/10.3389/ffgc.2021.692338 (2021).

Reboredo, R. & Gambino, E. Connectivity and competition: the emerging geographies of
Africa’s ‘Ports Race’. Area Dev. Policy 8, 142-161(2023).

Seki, H. A. et al. Indirect impacts of commercial gold mining on adjacent ecosystems.
Biol. Conserv. 275, 109782 (2022).

Sonter, L. J., Moran, C. J., Barrett, D. J. & Soares-Filho, B. S. Processes of land use change
in mining regions. J. Clean. Prod. 84, 494-501(2014).

Bebbington, A. J. et al. Resource extraction and infrastructure threaten forest cover and
community rights. Proc. Natl Acad. Sci. USA 115, 13164-13173 (2018).

Werner, T. T., Bebbington, A. & Gregory, G. Assessing impacts of mining: recent contributions
from GIS and remote sensing. Extr. Ind. Soc. 6, 993-1012 (2019).

Williams, B. A. et al. Reconsidering priorities for forest conservation when considering the
threats of mining and armed conflict. Ambio 51, 2007-2024 (2022).

Laurance, W. F. et al. Impacts of roads and hunting on central African rainforest mammals.
Conserv. Biol. 20, 1251-1261(2006).

Devenish, K. et al. No evidence of increased forest loss from a mining rush in Madagascar’s
eastern rainforests. Commun. Earth Environ. 5, 489 (2024).

Morley, J., Buchanan, G., Mitchard, E. T. A. & Keane, A. Quasi-experimental analysis of
new mining developments as a driver of deforestation in Zambia. Sci. Rep. 12, 18252
(2022).

Sonter, L. J. et al. Mining drives extensive deforestation in the Brazilian Amazon.

Nat. Commun. 8, 1013 (2017).

Ladewig, M., Angelsen, A., Masolele, R. N. & Chervier, C. Deforestation triggered by
artisanal mining in eastern Democratic Republic of the Congo. Nat. Sustain. 7, 1452-1460
(2024).

Masolele, R. N. et al. Mapping the diversity of land uses following deforestation across
Africa. Sci. Rep. 14,1681 (2024).

Hansen, M. C. et al. High-resolution global maps of 21st-century forest cover change.
Science 342, 850-853 (2013).

Callaway, B. & Sant’Anna, P. H. C. Difference-in-differences with multiple time periods.

J. Econom. 225, 200-230 (2021).

Baker, A. C., Larcker, D. F. & Wang, C. C. Y. How much should we trust staggered
difference-in-differences estimates? J. Financ. Econ. 144, 370-395 (2022).

Akiwumi, P. How Africa Can Harness Critical Mineral Wealth to Revamp Economies
(UNCTAD, 2024).

Weng, L. et al. Mineral industries, growth corridors and agricultural development in
Africa. Glob. Food Sec. 2,195-202 (2013).

Pan, Y. et al. The enduring world forest carbon sink. Nature 631, 563-569 (2024).

Myers, N., Mittermeier, R. A., Mittermeier, C. G., da Fonseca, G. A. B. & Kent, J. Biodiversity
hotspots for conservation priorities. Nature 403, 853-858 (2000).

Gardner, J. Two-stage differences in differences. Preprint at https://arxiv.org/abs/2207.
05943 (2022).

Maus, V. A data-driven approach to mapping global commodity-specific mining land-use.
J. Clean. Prod. 540, 147437 (2026).

Maus, V. et al. An update on global mining land use. Sci. Data 9, 433 (2022).

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

Fonseca, A., Marshall, M. T. & Salama, S. Enhanced detection of artisanal small-scale
mining with spectral and textural segmentation of Landsat time series. Remote Sens. 16,
1749 (2024).

Asner, G. P, Llactayo, W., Tupayachi, R. & Luna, E. R. Elevated rates of gold mining in the
Amazon revealed through high-resolution monitoring. Proc. Natl Acad. Sci. USA 110,
18454-18459 (2013).

Valé, P. D. et al. Mining expansion as new driver of deforestation in Céte d’lvoire. Environ.
Res. Lett. 20, 124081 (2025).

Hilson, G. Small-scale mining and its socio-economic impact in developing countries.
Nat. Resour. Forum 26, 3-13 (2002).

Hilson, G. & Maconachie, R. Artisanal and small-scale mining and the Sustainable
Development Goals: opportunities and new directions for sub-Saharan Africa. Geoforum
111, 125-141 (2020).

Gulley, A. L. China, the Democratic Republic of the Congo, and artisanal cobalt mining
from 2000 through 2020. Proc. Natl. Acad. Sci. USA 120, 2212037120 (2023).

van der Meide, M., Harpprecht, C., Northey, S., Yang, Y. & Steubing, B. Effects of the
energy transition on environmental impacts of cobalt supply: a prospective life cycle
assessment study on future supply of cobalt. J. Ind. Ecol. 26, 1631-1645 (2022).

Owen, J. R. et al. Energy transition minerals and their intersection with land-connected
peoples. Nat. Sustain. 6, 203-211(2023).

Bryceson, D. F., Bosse Jgnsson, J. & Clarke Shand, M. Mining mobility and settlement
during an East African gold boom: seeking fortune and accommodating fate. Mobilities
15, 446-463 (2020).

Papyrakis, E., Rieger, M. & Gilberthorpe, E. in Why Does Development Fail in Resource Rich
Economies (ed. Papyrakis, E.) 121-135 (Routledge, 2019).

Sonter, L. J. et al. How to fuel an energy transition with ecologically responsible mining.
Proc. Natl Acad. Sci. USA 120, €2307006120 (2023).

Christensen, D. et al. Estimating the Footprint of Artisanal Mining in Africa. Working Paper
No. 33646 (NBER, 2025).

Sonter, L. J., Ali, S. H. & Watson, J. E. M. Mining and biodiversity: key issues and research
needs in conservation science. Proc. R. Soc. B 285, 20181926 (2018).

Moghimi Dehkordi, M. et al. Soil, air, and water pollution from mining and industrial
activities: sources of pollution, environmental impacts, and prevention and control
methods. Results in Eng. 23,102729 (2024).

Banza Lubaba Nkulu, C. et al. Sustainability of artisanal mining of cobalt in DR Congo.
Nat. Sustain. 1, 495-504 (2018).

Boldy, R., Santini, ., Annandale, M., Erskine, P. D. & Sonter, L. J. Understanding the
impacts of mining on ecosystem services through a systematic review. Extr. Ind. Soc. 8,
457-466 (2021).

Esau, M., Cole, M.J, Broadhurst, J.L, Chimbganda, T. & Abrams, A. Developing a national
mine closure risk and opportunity atlas for South Africa. in Proc. 16th Int. Conf. Mine Closure
(ACG, 2023).

Franken, G. & Schiitte, P. Current trends in addressing environmental and social risks in
mining and mineral supply chains by regulatory and voluntary approaches. Miner. Econ.
35, 653-671(2022).

Lambin, E. F. et al. The role of supply-chain initiatives in reducing deforestation. Nat. Clim.
Change 8,109-116 (2018).

zu Ermgassen, E. K. H. J. et al. The origin, supply chain, and deforestation risk of Brazil's
beef exports. Proc. Natl Acad. Sci. USA 117, 31770-31779 (2020).

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0
By International License, which permits use, sharing, adaptation, distribution and

reproduction in any medium or format, as long as you give appropriate credit

to the original author(s) and the source, provide a link to the Creative Commons licence, and
indicate if changes were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a copy of this licence,
visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2026

Nature | www.nature.com | 7


https://doi.org/10.3389/ffgc.2021.692338
https://arxiv.org/abs/2207.05943
https://arxiv.org/abs/2207.05943
http://creativecommons.org/licenses/by/4.0/

Article

Methods

Data
To map and analyse the spatial extent of direct mining-induced defor-
estation of dense forest across sub-Saharan Africa, we used previ-
ously published data® that map post-deforestation land use across
sub-Saharan Africabetween2001and 2020 ataresolutionof 30 m. The
dataset first used the global forest change data® to identify areas of for-
est loss between 2001 and 2020, before combining an active learning
framework with high-resolution (5 m) Planet-Norway’s International
Climate and Forests Initiative data to train a deep-learning model that
predicts post-deforestation land use. Post-deforestation land use is
assigned to one of 15 different classes by the model, one of whichis min-
ing. Miningis defined asland used for extractive subsurface and surface
mining activities (such as underground and strip mines, quarries and
gravel pits), including all associated surface infrastructure as described
previously?. Mining as a post-deforestation land use is mapped with high
accuracy, witha98%user’saccuracy and an 82% producer’saccuracy (see
ref. 23 for original accuracy metrics). We used all instances of mining
mapped previously? to represent areas of mining activity in this analysis.
The mining data are presented at a resolution of 30 m pixels, with
pixels representing either direct mining-induced deforestation or not.
It was thus important to group proximate mining pixels together to
create distinct ‘clusters’ of mining activity for use in the analysis. We
therefore used distance-based density clustering to group together all
nearby mining pixels into one cohesive mining cluster. Clustering was
performed to group together all pixels within1km of another mining
pixel, with a minimum of 5 pixels required to form a cluster. Notably,
this clustering method does not require any predefined shape or size of
clusters, allowing clusters to be created that can accurately reflect the
staggered growth of mining activities, which can often spread across
long distances and follow particular directions (for example, the growth
of miningactivities along ariverbank). After performing the clustering
process, 67,586 distinct mining clusters remained across sub-Saharan
Africa. However, because we were interested in mining-induced defor-
estation, we then filtered these mining clusters to retain only clusters
that were located in densely forested regions, which we defined as
having more than one-third dense forest cover (defined as pixels with
>50% tree cover) ina5 kmbuffer from the mine cluster at the start of the
analysis period in 2000. We did not consider areas to be forest if they
were classified as plantations by the latest version (v.2) of the Spatial
Database of Planted Trees (SDPT)*. This final filtering step left 16,627
mining clustersin forested areas for analysis.

Deforestation measures around mines
We define three different forms of deforestation associated with min-
ing activity in and around our mining clusters.

First, direct deforestation defined as annual deforestation caused
directly by the mine in the mining cluster footprint (such as, pits and
tailing ponds). This includes all pixels with >50% tree cover in 2000
thatbecame deforested between2001and 2020 with the end use clas-
sified as mining 2.

Second, offsite deforestation defined as annual deforestation
throughany other processes (such as, road construction, and agricul-
tural and/or urban expansion), outside the mining footprint that may
be triggered by mine establishment. This represented all pixels that
with >50% tree cover in 2000 that became deforested between 2001
and 2020 as described previously* (v1.11) and that were not classified
asmining® and were notidentified as plantations in the SDPT v.2 data*.

Third, total deforestation defined as the annual sum of both the
direct and offsite deforestation.

DID framework
To estimate the additional total deforestation triggered by mine estab-
lishment, we used recent advances in heterogeneity-robust DID models.

To assess mining-induced deforestation across spatial scales, we created
four concentricring buffers of increasing size (0-1km, 1-5 km, 5-10 km
and 10-20 km) around the centre of each mine (Extended Data Fig.1).
We defined our response variable as the total (sum of offsite and direct)
deforestation around clusters in each buffer per year between2001and
2020. We calculated the total annual deforestation in each buffer as a
proportion ofthe total forested area (>50% tree cover) present in 2000.

We leveraged the staggered nature with which mining operations
commenced in a DID quasi-experimental design that incorporated
not-yet-treated mining sites as controls. Mining clusters are classed as
treated from the year 10% of pixelsin that cluster are deforested owing
to mininginthe mining cluster. The preceding not-yet-treated period
correspondsto the period before mining commencesina cluster. See
the section ‘Sensitivity analyses’ for analyses of alternative cut-offs
for defining the start of mining operations. Mining clusters that were
always treated (those with mines present in the first year) or only
treatedinthelast year could not beincluded. Therefore, 15,477 clusters
couldbe usedintotal for estimation. An alternative paradigm to using
not-yet-treated mines would be to use statistical matching to balance
covariates that drive variation in either the outcome or assignment
between mining clusters and comparable never-treated sites. However,
itis possible that even post-matching, never-treated sites may differ
systematically from treated sitesinboth treatment assignment and out-
comesin amanner not likely captured by matching variables (such as
the presence of appropriate minerals and the type of sediment or rock).

We used arecently proposed group-time average treatment effect
DID estimator® that is robust to heterogeneous treatment effects
and staggered study designs. This estimator identifies the group-
time-specific average treatment effect on the treated (ATT(g, ¢) as
definedin equation 1), where the group is the year mining clusters are
first treated (g, mining first detected) and observed in calendar year (¢).
Thus, for mining first detected inyear gand observedintheyeart, the
estimateisthe differencein Y (cumulative deforestationasa proportion
of forest coverin2000) yearsg-1and tacross mines that commencein
year g, minus the same difference for mining clusters in which mining
is detected in later years but not in year t (termed the not-yet-treated
clusters and defined by G the time period a unit becomes treated and
the binary indicator D).

ATT(g, 0)=ELY, - ¥,_|G=g]-ELV,- ¥,_ID,=0,G#g] (1

These group-time specific ATTs do not enforce homogenous treat-
ment effects across all time periods or groups (first year of mining
detection). Group-time ATTs were then aggregated into dynamic treat-
ment effects relative to the year mining was detected. Standard errors
were clustered at the mine cluster level.

We applied this approach at the national level for all countries in
sub-Saharan Africa with 30 or more identified mining clusters. We
included a total of 23 sub-Saharan countries with sufficient coverage;
6 countries with insufficient numbers of clusters were dropped from
the national analyses (South Sudan, n = 4;Rwanda, n=9; Malawi,n=4;
Comoros, n=24;Burundi,n=15;and Eswatini, n = 6). The number of clus-
tersper countryincludedinthe models ranged from 32 (Guinea-Bissau)
t05,069 (the DRC). For each country, we applied the group-time-specific
estimator on total deforestation in concentric buffer rings of 0-1km,
1-5km, 5-10 km and 10-20 km around each mining cluster to estimate
the total additional deforestation attributable to the average mining
cluster per country. We also estimated an effect across sub-Saharan
Africa using all clusters from all countries with mining-driven forest
loss detected (29 countries, 15,477 clusters). This estimate followed the
same approachaslaid out previously for country-level estimates, except
weincluded country as an additional fixed effect. This was repeated for
each of the four increasing concentric buffer rings.

We calculated pseudo-ATTs to assess the pre-treatment assumption
of parallel trends. We did this for all national concentric ring buffers



for a shift of 1-5 years. Across all buffers and time periods, there was
strong evidence for parallel trends. Only 1-2 countries out of 23 showed
evidence of non-parallel trends, and this was most common for the year
before a mine was established in the 1 km buffer.

To assess the relative size of additional direct deforestation com-
pared with additional offsite deforestation, we used the previously
outlined DID framework to separately estimate the number of ha of
additional direct and offsite deforestation triggered by mine establish-
ment separately. We then post-processed these estimates to estimate
the offsite deforestation for each ha of direct deforestation, defined as
the additional offsite loss divided by the direct loss. We estimate this
for a 0-5 km buffer around all mines at the national and sub-Saharan
Africanscale. We only calculated ratios for countries where the effects
of both the direct and offsite model were significant five years after
mine establishment. In anadditional analysis, we further disaggregated
the non-mining deforestation data (indirect) to obtain annual time
series specifically for deforestation driven by agriculture, settlements,
and roads (as derived previously?) in the 0-5 km buffer (Supplemen-
tary Information). We then modelled this in the same dynamic DID
framework as described above to elucidate the additionalimpact mine
establishment specifically had on agricultural and settlement expan-
sionand road development (Supplementary Figs. 9 and 10).

Commodity varying impacts

We used a new database that includes 42,799 mine properties and
217,200 polygons, covering a total area of 145,738.1 km2 globally®%.
This database links commodity data from* the S&P Global Mine and
Metals database® and data from the Global Coal Mine Tracker of the
Global Energy Monitor¥, to previously published mining land-use poly-
gons**** We overlaid this database with our 16,627 mining clusters
and assigned commodities to clusters in cases in which the cluster
was within 5 km of amining site with aknown commodity. Many mines
extract more than one commodity or mineral and it is impossible to
estimate at aregional or national scale the relative quantities of each
extracted mineral or the relative influence of each mineral on mine
expansion and deforestation. Therefore, each cluster was assigned
all of the commodities known to be extracted at that site. We also
repeated the analysis using only the main commodity listed per mine
andthese results aligned closely with those presented in the main text
(Supplementary Fig.15).Intotal, 1,127 clusters could be linked to known
commodities. We then ran DID analyses as described previously for
each commodity linked to at least 30 mining clusters. Owing to the
relatively low sample size per commodity, we did this at the aggregated
sub-Saharan African scale, but not at the national scale.

Sensitivity analyses

We used a comprehensive suite of justifiable alternative approaches
and alterations to our main approach that were decided a priori to
commencing the main analyses to assess the robustness of our results
to analytical choices. These are shown and discussed in detail in the
Supplementary Information.

First, werepeated the national-level analysis and included covariates
that may influence deforestation dynamicsin the first stage of the DID
estimator (Supplementary Fig.2). The covariatesincluded travel time
from the nearest settlement with a population of more than 5,000
individuals®, population density®, elevation and slope®*. The inclu-
sion of covariates is often necessary to meet the parallel pre-trends
assumption; however, we note our models without covariates already
met this assumption (Supplementary Fig. 2).

Second, we repeated our whole analysis using an alternative, recently
proposed two-stage imputation-based DID estimator®, which, similarly
to our main text estimator, addresses biases that often hamper conven-
tional estimators used to estimate DID (Supplementary Figs.3-5). The
first-stage modelidentifies cluster and year-specific fixed effects that
would occurinthe absence of any treatment from the not-yet-treated

observations (such as the cluster- and time-specific effects on cumu-
lative deforestation before the start of mining). Thus, the untreated
outcome (cumulative deforestation), accounting for cluster and year
fixed effects, can then be imputed and removed from the observed
treated outcome. Additional covariates that are likely to affect trends
inthe cumulative outcome canalso be incorporated in this first model
(Supplementary Fig. 6). The second-stage model then regresses this
residualized outcome on the time since mining operations started to
estimate the dynamic ATT. Standard errors of the coefficients were
clustered at the mine cluster level. For our data, this approach finds
greater levels of deforestation than our main analysis group-time ATT
approachandis more certain of these impacts inmore countries. How-
ever, we note that, when checking the parallel trends assumption of
this approach, we found that it failed this assumption for anumber
of countries and pre-treatment years, particularly in the 0-1km and
1-5km concentric buffers.

We also repeated our main analysis at the national and sub-Saharan
African scale wide using a second alternative stacked DID trimmed
aggregate ATT®, Inbrief, this modifies astandard stacked DID regres-
sionapproach, which often fails to estimate a defined causal parameter
because of improper weighting, to apply corrective weights when
stackingto estimate atrimmed ATT focusing around a specific trimmed
period before and after treatment. For our analysis, we created trimmed
sub-experimental periods with afive-year pre-treatment and five-year
post-treatment window. This method generates highly similar results
totheapproach describedin the main text, but when checking the par-
allel trends assumption of this approach, we found that it performed
inconsistently for our data (Supplementary Figs. 7 and 8).

Third, for the analysis described in the main text, we categorize the
start of mining operations as when10% of amining cluster is deforested
because of mining. This minimizes the risk that any single erroneously
classified pixel substantially biases our analysis. However, we also reran
our main analysis (Fig. 2) using two alternative criteria. The first was less
conservative and assumes mining commences the year the very first
pixelislost from the cluster; and the second is more conservative and
requires20% of the cluster to be deforested by mining directly before
mining operations are assumed to have commenced (Supplementary
Figs.16 and 17).

Fourth, although the gold standard for comprehensive analyses
of mining impacts at scale is a highly accurate wall-to-wall geospatial
map of mining sites that maximizes spatial coverage and minimizes
omission errors, it is inevitable that, despite the high user accuracy
of the data used here?, a small number of pixels may be misclassified
as mining-driven. Thus, we also repeated our main analysis using an
alternative manually verified dataset of mining sites®**, which resulted
in asmaller dataset of 2,504 mines in forested landscapes, according
to our defined criteria (Supplementary Fig. 18).

Fifth, the spatial patterning and non-random clustering of mines
around ore deposits and rivers results in many mines being estab-
lished in the vicinity of existing mines. Thus, it can be difficult to
differentiate between the direct impact of an individual mine and
the spillover effects of other nearby mines. This may especially be
the caseinregions where mining activities have large areas of effect.
To address this, we used a proposed modification of the two-stage
imputation-based estimator described above to disentangle direct
and spillover impacts®. This method modifies the first-stage impu-
tation of the outcome in not-yet-treated mines to impute only the
outcomes for mines that are both not-yet-treated and are also not
exposed to potential spillover from nearby mines. Subsequently,
the main treatment year (the year in which the mine became opera-
tional) and the spillover treatment year (the year the mines buffer
firstintersected with that of another mine) are then included in the
second-stage regression to isolate both the direct effects of mining
operations and the additional spillover effect probably attributable
to nearby mines. We classified mines as being exposed to potential
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spillover effects if amining cluster had another mining cluster within
a10 km radius. Thus, it is possible to separate the estimated effects
directly due to the mining cluster from those of spillover effects from
nearby clusters (Supplementary Figs. 19-22).

Finally, to assess whether our results are sensitive to the specific
forest-loss dataused, we repeated our analysis using the Tropical Moist
Forest data from the European Commission Joint Research Centre®.
We processed the dataset identically to the main analysis, generating
mine-cluster-specific deforestation time series analogous to those used
inthe main analysis, because this dataset covers only aspecificbiome,
unlike the datafromref. 24, this led to the analysis focusing on a subset
of mines in areas dominated by tropical moist forest (n=7,859). Asa
comparison, we also repeated the previously described analysis for this
subset of mines to check for congruency or systematic differences due
to the choice of forest-loss data (Supplementary Fig. 23).

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Alldatausedinthis study are freely available for download online. The
previously published post-deforestationland use dataset? is available
at Zenodo: https://doi.org/10.5281/zenodo.11065705; the tree-cover
and forest-loss data are available at: https://storage.googleapis.com/
earthenginepartners-hansen/GFC-2023-v1.11/download.html; and the
plantation datafromthe SDPTv2 are available at: https://www.global-
forestwatch.org/blog/data-and-tools/updated-planted-trees-map-
near-global-coverage/. The processed data outputs needed to run
the analyses are available at GitHub (https://github.com/OMorton/
AFR_MiningForestLoss).

Code availability

All code for the analysis is available at GitHub (https://github.com/
OMorton/AFR_MiningForestLoss).
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Extended DataFig.1|Schematic of our quasi-experimental design. ESRI, Vantor, Earthstar Geographics and the GIS User Community.

a, Location of an example gold mine (central black pixels) inthe DRC. Green b, Magnification of the mine cluster and the year of deforestation of the
denotes the forest coverin2000; yellow to red shading denotes deforestation surrounding forest cover for the example mine. ¢, The year of forest loss for
(of any form) between 2001and 2020; and grey denotes non-forested areas. areas of forest that underwent direct mining-driven deforestation between

Black concentric circles highlight the1km, 5km, 10 kmand 20 km bufferrings. ~ 2001and2020. Scale bars,10 km (a) and1km (b and c).
Inset, satelliteimage of the mine in November 2020. The photographis from
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