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OPEN: Mapping global land conversion
DATADESCRIPTOR  Pressure to support conservation
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Peter Ellis*, David M. Theobald®, Brandie Fariss?, Karl Burkart’ & Joseph Kiesecker*

Proactively identifying where land conversion might occur is critical to targeted and effective
conservation planning. Previous efforts to map future habitat loss have largely focused on forested
systems and have been limited in their consideration of drivers of loss. We developed a 1-km resolution,
global map of land conversion pressure from multiple drivers, referred to as the conversion pressure
index (CP1). The CPI combines past rates of anthropogenic change, as measured by temporal human
modification maps, with suitability maps for potential future expansion by large-scale development.
The CPI thus offers a new way to measure a cumulative gradient of anthropogenic pressure as opposed
to categorical land cover change. We find that nearly 23% of land across 200 countries have relatively
high conversion pressure, potentially impacting over 460 million ha of intact natural lands. We illustrate
how this information can be used to identify areas for proactive conservation to avoid future loss

and ensure that national commitments under the Kunming-Montreal Global Biodiversity and Paris
Agreement Climate Frameworks are upheld.

Background & Summary

Anthropogenically-induced habitat change has increased dramatically over the past 25 years', causing wide-
spread losses to global biodiversity and nature’s benefits to people>*. Given limited capital and resources, tar-
geted and proactive conservation on at-risk lands will be required to effectively halt further habitat loss and
degradation. Foundational to this is an understanding of where future conversion pressure may intersect with
existing conservation assets (e.g., natural habitats, species richness, carbon reserves) so that appropriate actions
(e.g., protection, improved management, or restoration) can be taken. Previous work has made important but
limited contributions to understanding threats to conservation assets. For example, several studies have focused
on threats to forested ecosystems*-® — leaving a paucity of practical knowledge about threats to the remaining
70% of the Earth’s terrestrial surface. Others have modeled future land use changes associated with specific
drivers, primarily cropland and urban expansion’® — leaving research gaps regarding other important drivers
of change. For example, energy, mining, and related infrastructure have been projected to cause 40% of land use
change by 2050'°. Additionally, studies often predict future land use change based on empirically-derived tran-
sitions from historical time series of remotely sensed imagery'"!2. Relying on these historical patterns of con-
version can fail to capture future change'"'* especially when not considering the geophysical and technological
potential for future development. Without a consistent methodology to map future conversion pressures across
all terrestrial habitats and across key drivers, we will likely miss many critical hotspots of threatened biodiversity
and carbon stores where conservation interventions should be focused'*-'°. This knowledge gap undermines our
ability to achieve ambitious conservation goals efficiently and equitably, such as the commitments made by over
200 countries to conserve 30% of their lands and waters by 2030 (30 x 30) under the Kunming-Montreal Global
Biodiversity Framework (K-M GBF) and the climate goals made by the 196 signatories to the United Nations
Paris agreement.

1Global Protect Oceans, Lands and Waters, The Nature Conservancy, Fort Collins, CO, 80524, USA. 2Global Science,
The Nature Conservancy, Fort Collins, CO, 80521, USA. 3Global Science, The Nature Conservancy, Brunswick, ME,
04011, USA. “Natural Climate Solutions Science, The Nature Conservancy, Arlington, VA, 22203, USA. *CSIRO
Environment, Brisbane, Queensland, 4102, Australia. ®Conservation Planning Technologies, Fort Collins, CO, 80521,
USA.’One Earth, Los Angeles, CA, 90039, USA. ™e-mail: joakleaf@tnc.org

SCIENTIFIC DATA| (2024) 11:830 | https://doi.org/10.1038/s41597-024-03639-9 1


https://doi.org/10.1038/s41597-024-03639-9
http://orcid.org/0000-0001-5048-8356
http://orcid.org/0000-0001-8902-8728
mailto:joakleaf@tnc.org
http://crossmark.crossref.org/dialog/?doi=10.1038/s41597-024-03639-9&domain=pdf

www.nature.com/scientificdata/

Human
Modification Citlzﬂ ]:l.te
(D 2000 historic rate
of increased
human step2;
Human modifcation Calculate
Modification 2000 to 2015 projected
(HM) 2015 human M
modification
Human incrzeggzs by
Modification Step 4:
HM) 2015 )
e Calculate
— | Conversion
Pressure
Development Index (CPI)
Potential Step 3:
Indices (DPIs) Calculate
cumulative
Development | T Key !
Suitability . Sl
Index (DSD || Dput Amalgsis |
l Datasets Y !
. Step :

Fig. 1 Flow diagram of the input datasets and spatial analysis steps taken to create the conversion pressure
index (CPI). Foundational to the development of the CPI are the 2000 and 2015 human modification (HM)
maps and 14 development potential indices (DPIs). HM estimates cumulative impacts for a given year based on
the spatial extent and intensity of impacts from human settlement, agriculture, forestry, transportation, mining,
energy production, electrical infrastructure, dams, pollution, and human accessibility. DPIs are global maps that
depict suitability for future renewable energy, oil and gas, mining, agriculture, and urban development.

Here, we developed the conversion pressure index (CPI): a global, spatially explicit, 1-km resolution map
of future conversion pressure on land. The CPI estimates conversion pressure by combining spatially explicit
data on historic rates of human modification with suitability for potential expansion by large-scale develop-
ment from multiple sectors. We projected increases in human modification to 2030 based on historic patterns
identified from a consistent, temporal sequence of human modification (HM'). The HM estimates cumulative
impacts from industrial pressures based on the spatial extent and intensity of impacts from human settlement,
agriculture, forestry, transportation, mining, energy production, electrical infrastructure, dams, pollution, and
human accessibility’. To ensure the CPI accounts for a location’s suitability for future conversion by agriculture,
renewable energy, oil and gas, mining, and urbanization, we combined the projected HM map with published
development potential indices (DPIs'’) using an equal weighted fuzzy sum. This approach recognizes that land
conversion is often correlated with previous development growth patterns'®-22, but that future expansion can
deviate from historical trajectories and spatial patterns due to novel drivers!>%,

We validated the CPI by producing a 2015 version that was then compared with observed human modi-
fication in the same year; and found strong agreement between the modeled and observed maps. This 2015
CPI version required applying our same methods but utilized maps of HM for 2000 and 2010 to test our meth-
ods. Additionally, we compared conversion pressure estimates from the CPI to a recently published future land
use change model** and found notable differences. We attribute these differences to the cumulative mapping
approach used for the CPI (versus a typical categorical approach) and discuss the benefits of capturing conver-
sion pressure as a gradient of potential habitat loss.

The CPI provides a globally consistent, comprehensive, and spatially explicit tool to assess future conversion
pressure from multiple sectors. It reveals that nearly 23% (3,038 million ha) of all lands have relatively high con-
version pressure from industrial sectors. High conversion pressure is distributed across 200 countries and has
the potential to impact over 460 million ha of intact natural lands critical for biodiversity, carbon storage, and
ecosystem function??. We illustrate how the CPI can be used to target regions (ecoregions, biomes, countries)
where increased attention and proactive conservation can cost-effectively avert biodiversity and ecosystem loss
and help meet global conservation targets.

Methods

Approach. The CPI is produced in four steps (Fig. 1). First, we estimated the historic rate of increased
human modification from 2000 to 2015 using HM for years 2000 and 2015'. Second, we projected where human
modification was expected to increase by 2030, assuming a constant, annualized rate of change derived from
the historic rate. We targeted the year 2030 given that it coincides with the targets of the K-M GBF and related
national-level protection and conservation commitments'®. Third, we produced a cumulative development suit-
ability index (DSI) to emphasize areas susceptible to further development based on the presence of current
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infrastructure and resources supporting rapid development potential. The DSI map was created as a composite
of sector-specific development potential indices (DPIs) that captures a location’s suitability for development by
renewable energy, oil and gas, mining, agriculture, and expansion of urban sectors'”. All DPIs were relativized
by country and were classified ordinally from 0 to 6 to establish seven relative categories of suitability for each
pixel (i.e., none, very low, low, medium-low, medium-high, high, and very high). The DSI map was then created
by using the mean and the maximum pixel values of all individual DPIs, both of which were shown to highlight
areas of HM increases. For the final step, we produced the conversion pressure index (CPI) by combining a map
of projected 2030 human modification increases with the cumulative DSI map to identify areas with high (1) to
low (0) future land conversion pressure. By combining these two maps, we identify areas with high, historical
rates of change, as well as areas with lower historical rates of change but high suitability for future industrial
development.

Calculate historic rate of increased human modification. We calculated a historic rate of human
modification using two HM maps spanning a 15-year period (HM,,,, and HM,,5%"). The value of each pixel
of the HM datasets ranges from 0 to 1, estimating the degree to which human activities in the post-industrial
era have altered lands. A value of zero indicates negligible modification and a value of one indicates complete
modification. HM accounts for human stressors that cause land conversion (i.e., human settlement, agriculture,
forestry, transportation, mining, energy production, electrical infrastructure, and dams) and additional stressors
that cause land degradation (i.e., pollution and human intrusion). We used HM,,, and HM,, s because these are
the most recent and comparable datasets and provided an interval of 15 years that precedes and is of equivalent
length to our 2015-2030 projection interval.

To calculate the rate of modification (ROM), we adapted the standardized rate of change formula proposed
by Puyravaud?? (Eq. 1), which is derived from the continuously compound interest equation and commonly
used to calculate annual rates of deforestation?®?. We calculated ROM as follows:

In ( (1 — HMqy5) )
(1 — HMy0)
—-n 1)

where n is the number of years between the two time periods (n=15 years) (see Supplementary Information,
Text S1: Applying standardized rate of change formula to derive rate of modification and future HM). Note that
this formula produces positive and negative rates, indicating areas where modification increased or decreased,
respectively.

To account for the influence of neighboring areas, we made this calculation at multiple scales for each 300 m
cell using circular neighborhoods of 1 km, 5km, 10km, and 25km radii as informed by edge distance distribu-
tions of the degree of human modification of terrestrial habitat"*. Therefore, the average HM value for each
neighborhood was applied iteratively to Eq. 1 and used to calculate a ROM for that radius. This produced four
separate ROM maps that were subsequently weighted using an exponential distance decay formula (Eq. 2),
which assumes that nearby disturbances have greater impact than those that are farther away. Following the
approach of the Natural Capital Project’!, we calculated:

ROM =

P = ¢ )
where d,,,, is our maximum neighborhood radius (i.e., 25km) and d; is assigned to each of the neighborhood
radii (i.e., 1, 5, 10, 25 km). The resulting calculation produced weights for the four neighborhoods (i.e., 0.887,
0.550, 0.302, 0.050), which were subsequently scaled to sum to one (i.e., 0.496, 0.307, 0.169, 0.028). These scaled
values were applied to a weighted sum of the four ROM maps to produce our multi-scaled ROM. We excluded
values <0, which represents 17% of all cells, to focus only on areas that experienced increasing human modifi-
cation from 2000-2015 (Fig. 2).

Projected increase in human modification by 2030. To project increases in human modification by
2030 (HM,3), we applied the ROM;;5.2000 map to the HM,,5 per Eq. 3 (see Supplementary Materials, Text S1:
Applying exponential decay formula to derive rate of modification and future HM):

HM,p30 =1 — (1 - HMZO]S) % e 15 % ROMig15.2000 3)

We then subtracted HM,;, from HM,, to estimate the amount of increase in modification by 2030 (HM_
Increase, s, Figure S1).

To better distribute and differentiate relative values of human modification increases, we applied a maxi-
mum threshold to HM_Increase,s, map identified by the 99.999" percentile HM increase value (0.2585). We
then assigned all pixels with HM values above this threshold (=>0.2585 to 0.519) a value of 0.2585 to elimi-
nate extreme outliers. Finally, to better differentiate across values, we transformed all values by calculating the
cube root before finally scaling these transform values from 0 to 1 to generate the HM_Increase,spscq1eq Map
(Fig. 3). We applied a cube root transformation due to extreme right skewness of the HM increases and selected
this transformation method to improve the interpretability of data and mapped patterns. For example, a HM_
Increase,ysgscqeq Value of 0.5 estimates a HM increase of 0.032, a jump which may cause over 3% of the global
low HM to become classified as moderate, while values over 0.75 equate to HM increases of 0.1 or greater which
could potentially shift completely unmodified lands to moderate modification. The HM_Increase,ysgscaeq Map
had a global median value of approximately 0.178 with Q1 and Q3 values of 0 and 0.428, respectively.
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Fig. 2 Global map of historic rate of human modification increasing from 2000 to 2015 (ROM;5.00)- Areas of
increased modification are emphasized, with the highest rates in dark red and the lowest rates in yellow. Land
areas in gray had no increase in modification during the 15-year time span. Classes are user-defined, with the
percentage of land (excluding Antarctica) shown in parentheses.

Projected human
modification
increases by 2030
scaled 0 to 1
Il 09-1(1.1%)
I >0.8-0.9 (1.3%)
Il 0.7-08(2.1%)
I >0.6-0.7 (4.9%)
B >0.5- 0.6 (8.4%)
B 0.4 -0.5 (10.0%)
I >0.3 - 0.4 (10.0%)
I =0.2-03 (9.8%)
[0 >0.1-0.2 (13.1%)
>0.0 - 0.1 (5.1%)
0(34.3%)

Fig. 3 Global map of projected increase in human modification from 2015 to 2030 scaled 0 to 1 (HM_
Increase,yspseaed)- The highest projected increase is shown in black, the lowest projected increase in gold, and
land areas in gray have no projected increase in modification. Classes are equal interval, with the percentage of
land (excluding Antarctica) shown in parentheses.

Cumulative development suitability index. To capture potential conversion associated with new and
emerging pressures, we created a cumulative development suitability index (DSI) derived from previously pub-
lished, sector-specific development potential indices (DPIs!”*?) and an additionally derived DPI for urban expan-
sion®. DPIs are global, spatially explicit, 1-km resolution and aligned maps that depict suitability for renewable
energy (concentrated and photovoltaic solar power, wind power, and hydropower), oil and gas (conventional and
unconventional), mining (coal, metallic and non-metallic mining), and agriculture (crop and biofuels expansion)
development. Each DPI has a standardized 0 - 1 value that indicates its suitability based on: (a) sector-specific
land constraints on development (e.g., suitable land cover, slope); (b) land suitability for sector expansion based
on resource availability (sector-specific yields); and (c) siting feasibility of new development (e.g., ability to trans-
port resources or materials, access to demand centers, and proximity of existing development).

Each DPI was binned into six suitability categories, following Oakleaf et al.'” recommended z-score binning:
very low (<—1.282), low (>—1.282-—0.675), medium-low (>—0.675-0.000), medium-high (>0.000-0.675),
high (>0.675-1.282), and very high (>1.282). We used z-scores, mean-standardized by country, based on the
assumption that regional resource extraction dynamics can shift in unison at the scale of a national market.

SCIENTIFIC DATA | (2024) 11:830 | https://doi.org/10.1038/s41597-024-03639-9 4


https://doi.org/10.1038/s41597-024-03639-9

www.nature.com/scientificdata/

Devenléﬁ'r’rlent
Suitability Index
I 0.9-1.0(0.0%) . \
B 6.8 - 0.9 (0.2%)
B 0.7-0.8 (1.5%)
B 0.6 -0.7 (5.0%)
I 0.5-0.6 (10.5%)
I 0.4-05(152%)
0.3 - 0.4 (16.6%)
0.2-0.3 (18.3%)
0.1-0.2 (15.6%)

>0 - 0.1 (3.0%)

0 (14.1%)

Fig.4 Global map of development suitability index (DSI) on land. The DSI map ranks development suitability
scores from 0 (lowest) to 1 (highest) based on the average score across all development potential indices (DPIs)
multiplied by the maximum score. These scores were square root transformed and scaled from 0 to 1 to produce
the DSI map. Land areas in gray with a DSI of 0 were unsuitable for development across all 14 DPIs. Classes are
equal interval, with the percentage of land (excluding Antarctica) shown in parentheses.

Relativizing DPI values within each country reduces bias toward economically developed countries, implicitly
controls for economic growth that may vary across regions and recognizes that countries with relative suitability
values lower than the global average will still undergo some level of development where access to and demand
for resources exists. Lastly, because the urban DPI was derived from urban expansion probabilities based on
population growth projections® that were more restrictive than the methods applied to the other sector-specific
DPIs which only identified suitability measures (e.g., suitable areas for urban expansion following DPI method-
ology may be ranked based on proximity to roads, existing urban areas and slope but would not be limited by
projected population growth), we binned the lower and upper 50* percentiles of non-zero urban DPI values into
high or very high suitability categories, respectively.

We then applied a simple, ordinal rank to the categories of all 14 DPIs (i.e., 0 = unsuitable, 1 =very low,
2 =low, 3=medium low, 4 = medium high, 5=high, and 6 =very high), and subsequently combined these 14
DPIs into one cumulative global development pressure map (Figure S2) by selecting the maximum value per
pixel across all DPIs (e.g.**-*,). Additionally, we calculated the mean values of all 14 ranked DPIs which pro-
duced a map with values ranging from 0 to 4.57 (Figure S3). Since both approaches (i.e., maximum and mean)
proved to capture past human modification gains as values increased and with the mean values showing a pos-
itive correlation with human modification gains per pixel (see Supplementary Information, Text S2: Extended
Validation), we applied a hybrid approach to creating the DSI by multiplying the mean value across all 14 DPIs
by the maximum value. We observed that when compared to the simple mean, multiplying the mean value by
the maximum value improved the ability to estimate how suitable a pixel is for development (see Supplementary
Materials, Text S2: Extended Validation). To illustrate the added value of this hybrid approach, a pixel overlap-
ping with two medium low categories produces a DS score of 1.29 (i.e., 6/14*3) whereas a pixel overlapping
one very high category produces a DS score of 2.57 (i.e., 6/14*%6). Had we relied only on the simple mean, an
equivalent value of 0.43 (i.e., 6/14) would have been generated for both pixels despite important contextual
differences. This method created global DSI scores ranging from 0 to 27.429 (Figure S4) and continued captur-
ing past changes while being positively correlated to human modification gains per pixel (see Supplementary
Information, Text S2: Extended Validation). Lastly, to better spread the distribution of DSI scores, we applied a
square root transformation and scaled values from 0-1 to create a final development suitability index (DSI) map
(Fig. 4). Again, we applied a transformation due to the right-skewness of these data however unlike the cube
root transformation used to produce the HM_Increase,zosca.a map (Fig. 3), we used a square root transforma-
tion. This produced a global median of 0.288 and a Q1 and Q3 of 0.153 and 0.444, respectively (Fig. 4). Had we
applied a cubed-root transformation, the global median would have been 0.437 with a Q1 and Q3 of 0.286 and
0.583, respectively. This distribution of values would have invertedly given the DSI more weight in producing
the final CPI than the HM_Increase,so,cq.a map. While the squared-root transformation still produced a slightly
higher median for the DSI (i.e., 0.178 higher) the Q3 values were very similar with DSI only 0.016 higher and
thus provide a distribution of values which could be used within the final formula used to produce the CPI.

Conversion pressure index. To produce a conversion pressure index (CPI), we combined the HM_
Increase,yspscaea Map with the DSI map using a fuzzy sum operator (Eq. 5):

Conversion pressure index (CPI) = 1 — ((1 — HM _Increase,ysp,careq) X (1 — DSI)) (5)
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Fig. 5 Global map of the conversion pressure index (CPI), which scales conversion pressure from 0 (none) to

1 (high) based on projected increases in human modification derived from historic patterns combined with
suitability for industrial development expansion. CPI is classified in equal intervals with the percentage of lands
(excluding Antarctica) shown in parentheses.

We used the fuzzy sum operator to estimate overall conversion pressure because it accounts for the potential
correlation among our two maps, limits cumulative values to never exceed 1, and improves upon a simple additive
model by reducing the effects of double counting when values are high'***”. CPI values therefore ranged from 0 to 1
and were driven by the contribution of both future human modification increases and high development suitability.

Finally, to reconcile with the coarsest resolution of our input data and to avoid assumptions of precision, we
resampled the 300-m resolution CPI to 1-km resolution. To resample, we first created a 900-m resolution raster
dataset by calculating the arithmetic mean for the nine, 300-m pixels found within each larger pixel and then
applied bilinear interpolation to produce the final 1-km resolution dataset (Fig. 5), resulting in a global, 1-km
resolution CPI with values ranging from 0 (no conversion pressure) to 1 (highest conversion pressure).

Data Records

Two CPI products are accessible via figshare®® as GeoTIFF raster datasets: 1) the continuous 0-1 map and 2) a cat-
egorized version of the map. We mapped the CPI into six categories of conversion pressure, from very low to very
high, using the global median value of the CPI for all lands (median =0.471) and the median absolute deviation
(MAD ==0.206) for classification breakpoints. We used a median/median absolute deviation (mad) classification
scheme rather than the common mean/standard deviation classification because the CPI data did not meet the
assumption of normality due to instead having a slight right skewness. Thus, by using the median value, we relied
on a central tendency value that is less affected by a skewed distribution®. For example, all pixels with CPI values
greater than 0.883 (median + 2*MAD) were classified as very high (Fig. 6). The Mollweide coordinate system was
applied to both of these 1-km resolution, raster datasets. The CPI and all corresponding input data (see Fig. 1) can
be viewed and examined interactively at https://tnc-ps-web.s3.amazonaws.com/GDRA/CPI/index.html.

Also accessible via figshare® we provide an Excel spreadsheet that calculates all critical CPI statistics: mean,
standard deviation, median, amount of land classified as high or very high CPI, proportion of land classified as
high or very high CPI, and the CPI category based on the global median/MAD breakpoints used in Fig. 6 by
region, country, biome, and ecoregion. We find that nearly 23% of lands (3,036 million ha) have relatively high
conversion pressure (CPI >0.677, >1 MAD above the global median). Hotspots of high conversion pressure
occur in 200 different countries and span all continents excluding Antarctica, with 47 countries classified as
having high conversion pressure (country median CPI1>0.677) and one country (Malaysia) classified as having
very high conversion pressure (country median CPI >0.884, >2 MAD above the global median). Of these 48
countries, 19 are in Africa, 13 in Central America, and the remaining 16 are in East and Southeast Asia®®.

In addition to countries, we evaluate conversion pressure within each biome and ecoregion based on the
Dinerstein et al.** dataset which has been widely used for conservation prioritization”**!. We find that 12 out of
14 terrestrial biomes have ecoregions with relatively high conversion pressure (ecoregion median CPI > 0.677).
The tropical and subtropical dry broadleaf forests biome has nearly half of its ecoregions classified in the top two
categories of conversion pressure®®. This biome is closely followed by mangroves, tropical and subtropical moist
broadleaf forests, and flooded grasslands and savannas that have nearly one third of their ecoregions classified
as having high conversion pressure.

Technical Validation

To validate the CPI, we followed our methods (Fig. 1) to produce a CPI for 2015 (CPI,,5) that we then compared
with the actual HM increases identified from subtracting HM,,, from HM,,,; (HM_MappedGainyg;g.;5). We
created the CPI,,5 by first calculating the historic rate of human modification increasing from 2000 to 2010
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Fig. 6 Global map of the conversion pressure index (CPI), mapped into 6 categories based on the global median
value of CPI for land (0.471) and the median absolute deviation (£0.206). Very high and high CPI are shown

in dark-brown and dark-red with breakpoints of +2 MAD and +1 MAD from the median, respectively. Four
inset maps are provided, detailing regions with all classifications from very high to very low: (a) Colombia

and Venezuela; (b) Argentina, Brazil, Bolivia, and Paraguay; (c) Democratic Republic of Congo, Mozambique,
Tanzania, and Zambia; and (d) Indonesia, Malaysia, and Philippines.

(ROM 2910.2000) to model HM increases in 2015 from 2010. We then scaled these modeled HM increases from 0-1
following the same techniques (HM_Increase,;s,eq) and combined them with the DSI map using a fuzzy sum
operator (see Eq. 5). We selected this time frame to model the CPI (2000 to 2010) and subsequent HM increase
(2010 to 2015) due to it being the most recent mapped HM change data available while also being within the
time frame used in producing the CPI. For detailed descriptions of how CPI,,; was created and further valida-
tion of all data inputs into this version of the CPI, see Supplementary Information, Text S2: Extended validation.
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On average, the highest HM_MappedGain,;.,0;5 values occurred in the highest CPI,,; range (>0.90-
1.00) with a mean gain of 0.102 (£1SD =0.067) and 50% of the gains being greater than 0.092 (Table S1).
Encouragingly, both the mean and median gain for each bin lessened as the CPI bin values decreased. When
examining the distribution of HM gains within each CPI bin across a range of percentile values (i.e., 5, 25, 50, 75,
and 95), this pattern continued. The top three ranges of scores (CPI > 0.70) covered approximately 14% of the
globe but contained over 55% of the total modification increases. This same range of values contained over 70%
of the top 10% of mapped change occurring from 2010 to 2015, and yet only contained 4% of the pixels without
any increase. Within these 4%, most pixels were found in moderately modified lands (mean 2015 HM =0.29,
+1SD =0.22) and were identified as having moderately high DSI (DSI mean =0.61, =1 SD =0.11). While these
lands did not incur modification changes during the 5 years examined, there is a strong potential for future indus-
trialized development by several sectors that often replace agricultural lands (e.g., urban, PV solar, oil and gas).

Overall, these validation results indicated the CPI,,,; was performing as anticipated by capturing large mod-
ification changes in the high values and providing a relative ranking of change as it decreased to zero. Although
both input maps (i.e., HM_Increase;;s,.q and DSI) also showed positive results in capturing modification
gains, when combined to produce the CPI,, s, a stronger ranking of where these gains occurred was produced.

Usage Notes

Integrating the CPl into conservation prioritization. Mapping the distribution and gradient of land
conversion pressure from multiple development sectors is critical to identifying regions (e.g., ecoregions, biomes,
or countries) where increased attention is warranted to avert the risk of ecosystem or biodiversity loss. It can also
help identify where to focus allocation of funding and resources for conservation interventions and policy meas-
ures. For example, the CPI can be used to map “Anthropocene refugia®? prioritize areas of global importance for
biodiversity®® and nature’s contributions to people®, and identify places where actions and interventions might
be needed to strengthen Indigenous stewardship and governance.

Regardless of the asset being considered (e.g., natural habitat, intact lands, carbon stores, forests, ecosystem
services, biodiversity, endemic or endangered species, livelihoods, food security, significant cultural resources),
it is important that the CPI be used across an application-relevant unit of comparison (e.g., biome, ecoregion,
country, and/or state) and that the conversion pressures of these units be assessed and described relative to this
set (for more detail on this process, see Supplementary Information, Text S3: Detailed example of applying the
CPI to a global conservation prioritization at an ecoregional level). We provide a global CPI with values that
range from 0 -1, allowing users to aggregate the CPI and determine appropriate categories and break points for
the scale of their analysis. While we offer one approach to classifying ecoregional CPI values relative to the global
median and MAD, we acknowledge that there are many ways of creating such classifications. For example, others
have used percentiles such as the top 10% or top 20% as priority hotspots®.

Comparing CPI to future land use change models. Some global, conservation prioritization efforts
have relied on projected categorical land use transitions using exploratory scenarios and alternative futures, such
as those associated with shared socioeconomic pathways (SSPs***). This approach has been used to estimate
global habitat loss” and wilderness loss®. Such assessments have used different landcover datasets and future sce-
narios, varying temporal and spatial resolutions, and different proxies for conservation assets, thereby identifying
different global conservation priorities. For example, Gongalves-Souza et al.” examined conversion across all
lands, whereas Allan et al.” and Cao et al.8 limited their analysis to only areas with low human impact. Allan ef al.’”
focused on “natural lands” at risk of future conversion based on a Human Footprint*® score of <5 in areas outside
of protected areas, key biodiversity areas, and wilderness areas. While these studies advance our understanding
of habitat conversion threats, they are restricted in the range of drivers and geographies considered, and do not
consider a gradient of conversion pressure that may deviate from historic patterns. For example, undiscovered or
undeveloped resources (e.g., mineral and/or oil and gas deposits) or new technologies (e.g., oil and gas fracking,
solar and/or wind) can lead to unprecedented, rapid development of lands that may be spatially disconnected to
well observed conversion frontiers®. In addition, land use change models often focus on agriculture and urban
expansion''>, While these sectors have driven habitat loss, they often coincide with one another (e.g., urban
replacing cropland*®*’) and should be considered in conjunction with other sectors to capture cumulative eco-
system pressures'®. The CPI is meant to fill this information gap and when compared to land use change mod-
els often expands and/or deviates from predicted future land use changes (for more details see Supplementary
Information: Text S4: Comparing CPI to habitat loss estimates from a land cover change model).

Data caveats. We produced the CPI specifically to provide a relative global and/or regional comparison of
conversion pressure. The CPI does not indicate the amount of conversion to be expected, nor does it highlight
areas transitioning from variable definitions of “natural” to converted. The CPI does offer a means of comparing
threat to lands of critical importance to biodiversity or ecosystem services using a much broader set of drivers
than those captured by land cover change mapping (e.g., forest to cropland) and provides an ability to assess
pressures beyond the conversion frontier. Additionally, the CPI covers all lands, which allows for consideration of
lands outside of what is typically targeted, including partially converted or degraded lands which may be impor-
tant for supporting biodiversity and ecosystem services?.

We relied on two open-access databases for the creation of the CPI: the 2000 and 2015 temporal HM!, and
the 14 DPIs"”. Updates and improvements to either of these datasets will undoubtedly influence the CPI. For
example, a 2020 version of the temporal HM would provide greater resolution and insight on where future
conversion may happen. Additionally, our approach for modeling future 2030 HM increases was intentionally
conservative but could be adapted to better capture areas on the “tipping point” of substantial HM increases.
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With regards to DSI, an intermediate product in the creation of the CPI, we relied on the 14 DPIs due to a
lack of other comparable and consistent data being publicly available. While the DSI map correlated with HM
increases, future work could be centered on the use of variables with more direct influence on human modifica-
tion change. Finally, the global CPI does not capture potentially important contextual information that is often
available only at more local scales (e.g., leases, environmental regulations, incentives, tax breaks, varying market
changes, technological advancements and/or planned infrastructure development) all of which influence future
development siting and should be considered in more local scale applications.

Code availability

No code was produced to support this effort. All analyses described in this paper utilized current available tools
within ESRI mapping software ArcGIS Pro 3x and required use of the Spatial Analyst extension of this software
(esri.com). All analyses can also be accomplished within QGIS (qgis.org), an open-source mapping software.
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