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Abstract

Halting the accelerating decline of global biodiversity requires robust 
models to project future changes and inform policy decisions. Climate 
models, especially model intercomparison projects, were pivotal 
for advancing the mechanistic understanding of climate change 
attributing to anthropogenic causes. Analogous biodiversity model 
intercomparison projects (BMIPs), developed only in the past decade, 
could emulate this success. In this Perspective, we briefly summarize 
existing BMIPs and highlight the opportunities, gaps and challenges for 
developing BMIPs by applying lessons learned from the climate model 
intercomparison projects. BMIPs offer valuable insights into potential 
global and regional biodiversity trajectories and their uncertainty and 
can help to attribute changes in biodiversity to drivers when based 
on standardized, historical benchmark data. Moving forward, BMIPs 
should adopt mechanistic approaches, establish governance structures 
and ensure open access to modelling tools and data. With strategic 
investments in data infrastructure, modelling capabilities and global 
governance, BMIPs can meaningfully contribute to the delivery of 
the Kunming–Montreal Global Biodiversity Framework by providing 
robust projections that support policy and action planning across 
various spatial scales and scenarios. Achieving this vision requires 
concerted international coordination, increased funding and proactive 
knowledge sharing.
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that address specific questions of the climate system, such as ocean14 
or sea ice modelling15, or investigate climate impacts on agriculture16 
or fire17, for example. MIPs provide a standardized experimental and 
scenario framework for consistent and transparent comparison and 
evaluation of different models and produce harmonized output that 
often has direct policy relevance18–20 (Box 1). They have proved key to 
understanding the drivers of historical changes, quantifying uncer-
tainty in predicted futures, refining modelling frameworks, improving 
the credibility of model-based insights, building consensus and con-
fidence, identifying research gaps and facilitating knowledge sharing 
and international collaboration.

Despite international commitments to halt biodiversity loss, for-
mal biodiversity model intercomparison projects (BMIPs) that address 
key questions relevant to policy support remain surprisingly scarce, 
limiting the confidence in model projections. At present, only two 
BMIPs have been formally established that address some aspects of 
biodiversity: the Fisheries and Marine Ecosystem Model Intercom-
parison Project (FishMIP)21–26 and the Biodiversity and Ecosystem 
Services Scenario-based Inter-Model comparison (BES-SIM)27,28. BES-
SIM provides a first compelling picture of the uncertainties in future 
projections of global terrestrial biodiversity. FishMIP additionally 
enables comparison of global and regional model outcomes by marine 
ecosystem models25,26 and highlights key uncertainties about how eco-
evolutionary processes will affect biodiversity responses to climate 
change. FishMIP is part of the Inter-Sectoral Impact Model Intercom-
parison Project (ISIMIP)20,29 that provides climate impact simulations 
that are consistent across multiple sectors (components of the Earth 
system or society, such as agriculture, water, fire, energy, health and 
marine ecosystems) and terrestrial and forest biodiversity. However, 
unlike FishMIP, terrestrial biodiversity projections within ISIMIP have 
been limited to correlative models providing global climate impact 
projections of some well-known vertebrate taxa30, whereas process-
based models have so far only been considered in regional forest MIPs31. 
Although other studies have started to compare different process-
based biodiversity modelling approaches at regional scales32–34, these 
efforts have not developed into formal BMIPs (Box 1). To the best of our 
knowledge, model intercomparisons are currently altogether missing 
for freshwater biodiversity. Therefore, existing MIPs for biodiversity 
have so far covered only a narrow part of biodiversity complexity and 
its responses to regional and global changes22,28, precluding confidence 
and consensus about the future of biodiversity.

In this Perspective, we discuss the history of MIPs in biodiversity 
research as compared with climate science and highlight the chal-
lenges and opportunities of BMIPs related to policy relevance, model 
complexity, spatial and ecological scales, data limitations and insti-
tutional support. Many lessons can be learned from previous MIPs 
regarding best practices for how to develop formal BMIPs. Although 
not every ecological or management question will require a formal 
model intercomparison, we outline the critical part that they could 
play and identify areas in biodiversity research and conservation in 
which formal BMIPs will be particularly useful.

Lessons from climate model intercomparisons
MIPs have a long history in climate science reaching back to the 1970s. 
Atmospheric scientists recognized that massive data and model deficien-
cies prevented them from accurately forecasting weather and climate 
change. As a result, the Global Atmospheric Research Programme was 
established in 1967 to improve, coordinate and standardize the collection 
of atmospheric and weather station data for model parameterization 

Key points

	• Biodiversity model intercomparison projects (BMIPs) provide 
a coordinated and standardized experimental framework to 
systematically compare biodiversity models, ensuring consistency 
in inputs, scenarios and outputs.

	• BMIPs are particularly useful both for addressing general biodiversity 
modelling questions and for supporting national to international 
actions to reach the Global Biodiversity Framework goals and targets.

	• Establishing historical benchmark datasets is crucial for validating 
biodiversity models, enabling impact attribution and a cross-system 
understanding of predictive performance and model complexity and 
enhancing confidence in model predictions.

	• Strengthening international collaboration, coordination and 
knowledge sharing and fostering broader community engagement 
will enhance the relevance, transparency and impact of BMIPs.

	• Establishing clear governance structures for BMIPs, including 
mechanisms for overseeing modelling activities, infrastructure and 
community consultation and strategies for long-term funding, is 
essential for ensuring the sustainability and effectiveness of BMIPs.

Introduction
Biodiversity and ecosystem services are deteriorating worldwide as 
anthropogenic pressures are elevating extinction risk for an estimated 
one million species1. Climate change is already affecting biological 
processes2, and as it intensifies, these extinction risks are expected to 
rise further3. The Kunming–Montreal Global Biodiversity Framework 
(GBF)4, adopted in 2022, provides an ambitious plan to halt and reverse 
biodiversity loss, with its importance often compared to the 2015 Paris 
Agreement for mitigating climate change.

The Paris Agreement was founded on decades of climate model-
ling and model intercomparisons, whereas biodiversity modelling 
lags far behind5. The GBF relies solely on backward-looking indicators 
to track progress towards its goals and targets6 and completely omits 
the application of models4. Yet policy decisions need robust projec-
tions to evaluate the potential consequences of interventions before 
implementation7. Although models are widely used in conservation 
management and policy, a wider synthesis of models for biodiversity 
projections is still hampered by limited coordination of modelling 
efforts, lack of funding, and data and methodological challenges5,8–11. 
Improving biodiversity models and their application will be pivotal 
for designing national action plans that reduce biodiversity loss and 
meet the GBF’s ambitions. Effective policy action will require an assess-
ment of biodiversity response to different future pathways of climate 
and Earth system changes to support adaptive management actions.

In climate and Earth system science, model intercomparison pro-
jects (MIPs; Box 1) have become a central instrument for understanding 
past, present and future climate change, fostering model improvement 
and supporting global and regional scientific assessments. Initiated in 
1995, the Coupled Model Intercomparison Project (CMIP) is the most 
prominent MIP, with a mission to provide climate projections and data 
infrastructure to the Intergovernmental Panel on Climate Change 
(IPCC)12,13. Following its success, other MIPs have since been developed 
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and validation, enhance the understanding of and incorporation of 
mechanisms underlying atmospheric dynamics and create processes 
to facilitate global coordination and collaboration12,35. Early intercom-
parisons mostly focused on atmospheric models for weather forecast-
ing but already bore an important characteristic of MIPs (Box 1), the 
preregistration of standard modelling protocols to ensure fair compari-
sons. In the 1980s, the World Climate Research Programme (WCRP) was 
established and advocated for the intercomparison of climate models 
resulting in the creation of the Atmospheric Model Intercomparison 
Project (AMIP) in 1990 (refs. 12,18) (Fig. 1). AMIP was widely endorsed, 
with 31 modelling groups participating in its first phase12. In parallel, the 
complexity of climate models increased, and the increasingly sophisti-
cated coupled atmosphere–ocean global climate models finally led to 
the establishment of CMIP in 1995 to allow a more robust assessment of 
the mechanisms behind anthropogenic climate change12,18. CMIP has 
since influenced the IPCC assessment reports, and the different CMIP 
phases are closely aligned with the IPCC assessment cycles. Still, although 
CMIP supports the work of IPCC, it remains an independent scientific 
endeavour aimed at understanding climate change and model biases12,36.

CMIP provided a step change in climate science and supplied the 
IPCC with defensible results and projections from models developed 
by worldwide teams to enhance the credibility of climate models, allow 
attribution to anthropogenic drivers and provide future scenario-based 
projections. The standardization of inputs, outputs, scenarios and 
validation and the transparent and global effort to organize and dis-
seminate results and quantify uncertainty were critical to building 
consensus on human-caused global warming35. The standardized com-
parisons among models quickly allowed researchers to assess the 
impact of the inclusion of or representation of different processes12,18. 
Ensembles of these consistent model outcomes captured uncertainty 
owing to modelling choices and considered processes and represented 
past and current climate data more accurately than single models, thus 

providing increasing support for projections37. The formation of AMIP 
and CMIP transformed the budding field of atmospheric science from 
one of many unknowns to the increasingly accurate projection of global 
climate change. The ability to attribute observed climate change to 
human activities and project future climate trends based on varying 
socioeconomic scenarios with increasing certainty was recognized 
as laying the foundation for efforts to prevent catastrophic effects 
on humanity — and one of the greatest success stories in science18,38.

Important elements in CMIP’s success included structured govern-
ance, standardized protocols, iterative learning and strong community 
engagement. CMIP has continuously evolved and learned from each 
phase and now involves approximately 50 modelling centres worldwide12. 
Formal governance structures ensure that CMIP remains a community-
driven effort with clear leadership, common standards and guidelines, 
and coordination across modelling centres worldwide, as well as out-
reach into the scientific community and beyond18,36. CMIP is overseen by 
the WCRP, directed by subcommittees coordinating CMIP activities and 
the infrastructure, and is supported by the CMIP International Project 
Office18. The latter manages communication within CMIP as well as the 
community consultation, which has been initiated in the sixth phase 
of CMIP36 and which also seeks input from climate change application 
experts who rely on CMIP output data for their climate impact assess-
ments39,40. Based on their long experience, CMIP also provides best 
practice guidelines for establishing MIPs41. BMIPs can learn from these 
experiences and can greatly benefit from adopting similar best practices 
(Box 2), governance structures and community engagement.

Existing biodiversity model intercomparisons
Compared with climate science, biologists are more than 20 years 
behind in their efforts to provide robust projections of future biodiver-
sity changes5 (Fig. 1). Notwithstanding, biodiversity models have a simi-
larly long history as climate models and cover a diverse set of modelling 

Box 1 | Characteristics of model intercomparison projects
 

Model intercomparison projects (MIPs) are coordinated scientific 
efforts that apply a common and standardized experimental 
set-up to compare multiple models and assess model agreement 
through harmonized model output18–20. MIPs identify differences 
and similarities in model behaviours, help to understand uncertainty 
across models and highlight strengths and weaknesses of different 
modelling approaches. These insights often propel future model 
developments and refinements12,24. As model outcomes naturally differ 
depending on their input parameters and output metrics, a common 
modelling protocol and experimental set-up with shared rules for 
inputs, scenarios and outputs are essential to ensure transparency, a 
fair comparison of models and uncertainty quantification in outputs. 
Comprehensively documenting the proposed approach in advance 
increases the legitimacy of the MIP set-up through peer review. The 
experimental set-up of MIPs typically comprises historical runs that 
can be compared against observed data, scenario runs that contain 
mainly future but sometimes also past projections, and idealized 
experiments to facilitate impact attribution through counterfactual 
scenarios and test model sensitivity12,20,24,29.

Some MIPs (such as ISIMIP20,29) explicitly separate an evaluation 
set-up with only historical runs and a simulation set-up with the scenario 
runs and idealized experiments. In other MIPs (such as CMIP12,18),  

evaluation of the historical runs is not centrally enforced before 
using the model for future projections. In either case, evaluation of 
historical model simulations against observational data provides 
important insights into predictive accuracy and robust agreement 
of the participating models and helps to identify uncertainties 
and knowledge gaps. Comparing model simulations for different 
scenarios, such as scenarios of climate-related forcings to assess 
possible futures, allows the capture of model-based uncertainty 
in future projections in ‘ensembles’. Typically, MIPs contain a 
core set of scenarios that are simulated by all models, whereas 
fewer models might address additional scenarios and idealized 
experiments.

Results from MIPs are often used in international and national 
policy documents such as the assessment reports of the 
Intergovernmental Panel on Climate Change (IPCC). To maximize 
their scientific and policy impact, MIPs should be designed as 
ongoing efforts with plans for iterative phases, ensuring adaptability 
to new data, evolving methodologies and emerging research 
questions. Establishing mechanisms for long-term coordination, 
data updates and methodological refinements helps to maintain 
relevance and strengthens their role in informing policy and scientific 
advancements.

http://www.nature.com/nrbd
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types on a continuum from correlative to mechanistic models10,42,43. 
Mathematical and demographic models have been popular since the 
1950s44, individual-based forest gap models have proliferated since the 
1970s45–47, ecophysiological models were developed in the 1970s48,49 
and correlative species distribution models were first developed in the 
1980s50. Modelling studies explicitly projecting climate change impacts 
on species and biodiversity only appeared in the mid-1980s20,51–60 (Fig. 1) 
when the threat of global warming became more widely acknowledged 
and evidenced61. In the 1990s, forest gap models dominated climate 
impact assessments on biodiversity, and in the late 2000s, the num-
ber of studies sharply increased, driven by a proliferation of correla-
tive species distribution models (Fig. 1). This increase in biodiversity 

projection studies was facilitated by the accessibility of generalizable 
model frameworks as well as availability of digitized biodiversity data 
and climate data coupled with future climate scenarios that became 
open access with the third phase of CMIP in the mid-2000s12. Despite the 
variety of modelling approaches available, climate impact projections 
on biodiversity are strongly biased toward correlative models3,9.

Biodiversity encompasses various levels of biological organiza-
tion (genetic, population, species, community or ecosystem), spatial 
organization (local, regional and global scales) and different compo-
nents of diversity (from allelic diversity to species distribution to com-
munity composition and ecosystem productivity)62–64. Modelling these 
biodiversity components and projecting their potential trajectories 
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Fig. 1 | Timeline of climate modelling, biodiversity modelling and related 
model intercomparison projects. a, Events below the timeline relate to climate, 
and events above the timeline relate to biodiversity. Details on the literature 

search are provided in the Supplementary Information. b, The number of 
biodiversity modelling studies explicitly projecting extinction risk from climate 
change and considering different biological mechanisms; data from ref. 3.
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over time and at different spatial scales are not easy tasks. Biodiversity 
models differ widely in the process detail covered, their subsequent 
data requirements and their output, and thus the essential biodiversity 
variables (EBVs65) that they produce (Fig. 2).

Biodiversity model parameters can be estimated directly from 
data (such as body mass and maximum reproductive output) or fit-
ted inversely based on their ability to produce known outputs (such 
as population trajectories)42. Living organisms do not behave like 
physical particles because they also have singular characteristics and 
the potential to adapt to changing environmental conditions such 
that no one-size-fits-all solution exists for modelling biodiversity. 
Hence, models are often calibrated or tailored to specific ecosys-
tems or species and specific management questions8. For example, 
modelling approaches for assessing species-level extinction risks 
include vulnerability assessments based on species’ traits and other 
characteristics66–68, demographic models such as population viability 
analysis69,70 and species distribution models that estimate habitat 
suitability of a given location based on climate and other landscape 
characteristics71–73. Calibrating these models requires data types such 
as species occurrences and abundances, demography and dispersal 
(Fig. 2), which are often only available in the form of expert opinion, 
although the availability of digital information is rapidly increasing 
and starting to resolve data limitations74–78. BMIPs thus need to care-
fully trade off the level of process and biodiversity detail required, 
data availability and computational efforts for calibrating and run-
ning models against the potential gains in system understanding and 
policy support.

Unlike in climate science, model development in biodiversity 
science and model use for policy support remain largely uncoordi-
nated. With the notable exceptions of FishMIP and BES-SIM, model 
comparisons have mostly been developed ad hoc within small teams 
of collaborators32–34,79–81. These ad hoc comparisons have tested the 
predictive ability of different model types by comparing correlative 

and process-based approaches for predicting historically observed 
or simulated species range dynamics32,33,82 and population growth81 
and assessed uncertainty in future projections of species ranges34,80. 
Most of these comparisons found no single best modelling approach 
but recommended ensembles to cover a wide range of model types 
and model parameterizations to adequately capture uncertainty in 
future projections82 and identified future avenues for improvements 
of models and data integration33,34,81.

Formal model intercomparison projects for biodiversity emerged 
only in the 2010s, more than 20 years after AMIP. FishMIP22,23,26 
(described in refs. 21,24) was initiated in 2013 and focuses on fisheries 
and marine ecosystem services. It covers a diverse set of ecological 
models ranging from correlative species distribution models to eco-
system models that describe the flow of energy through food webs or 
via partitioning into ecosystem components to project fish biomass, 
catch and ecosystem parameters. In its first phase, FishMIP produced 
global projections of marine animal biomass22,23 that were instrumental 
in informing international climate and biodiversity science–policy 
efforts19. A 2025 comparison of global and regional models in FishMIP 
indicated larger uncertainty in projected biomass by regional models, 
highlighting missing knowledge in key ecological and eco-evolutionary 
processes at regional scales that should be further explored in the 
future26.

BES-SIM28 (described in ref. 27) was initiated in 2016 by the Expert 
Group on Scenarios and Models of the Intergovernmental Science-
Policy Platform on Biodiversity and Ecosystem Services (IPBES). BES-
SIM primarily uses correlative models (species–area relationships) 
and correlative species distribution models to project future terres-
trial biodiversity trends (such as species richness) at global scale. It 
also uses dynamic vegetation models to project ecosystem services. 
Focusing on correlative biodiversity models was a necessary simplifi-
cation as BES-SIM covered thousands of species, which makes it dif-
ficult to incorporate explicit mechanistic knowledge and processes.  

Box 2 | Best practices for biodiversity model intercomparison projects
 

Based on their experience, the Coupled Model Intercomparison 
Project (CMIP) outlines general model intercomparison project (MIP) 
best practice guidelines41 focused on development, design and 
documentation. These include clearly defining the hypothesis and 
new knowledge to be gained, as well as the experimental design 
and data requirements; leveraging past experience and performing 
prototype experiments; fostering transparent and inclusive 
collaboration (including co-design of MIPs); thoroughly documenting 
the approach (including via peer-reviewed description papers); and 
supporting users and acknowledging contributions.

Clarifying the experimental design and data requirements will 
be particularly important in biodiversity model intercomparison 
projects (BMIPs) and will have to be carefully tailored to the system 
and question under study. Biodiversity data are heterogeneous, 
and data collation is challenged by diverse data needs of different 
modelling approaches. Data pipelines could benefit from regular 
updating as data availability is continuously improving, and modelling 
teams should work closely with data providers, including Indigenous 
knowledge, to collate the best possible data.

In addition to the steps outlined by CMIP, we suggest two 
additional (or refined) best practices for BMIPs related to data 

availability and equitability. First, BMIPs should provide benchmark 
datasets with open access to avoid duplicated efforts and encourage 
broad participation beyond individual, well-linked research groups. 
The availability of high-quality biodiversity and environmental driver 
datasets can allow intercomparisons to be efficiently revisited79,119 
and emerging methods to be tested rapidly. Expanding such datasets 
to cover a broad set of (or all) essential biodiversity variables65 and 
world regions should be a priority. Past studies evaluating biodiversity 
model outputs have relied heavily on a handful of high-quality 
datasets; for example, bird and butterfly monitoring data from 
European and North American countries have been used to evaluate 
the performance of biodiversity models including trait-based 
vulnerability assessments, correlative species distribution models, 
dynamic occupancy models and spatially explicit metapopulation 
models32,33,120–122. Second, to ensure equitable opportunities to build 
national and regional BMIPs, central knowledge platforms are needed 
that offer comparably easy-to-use toolboxes and extensive guidance 
to adjust and calibrate models to specific countries and regions (such 
as BON in a Box111). Models should also be shared to allow transfer 
learning for data-poor regions. As local data become available, these 
transferred models can then iteratively be refined and updated.
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The large uncertainty in projected biodiversity trends between BES-
SIM models could stem from missing processes or be indicative of 
variation across taxa.

FishMIP and BES-SIM have made substantial contributions to 
understanding the future of biodiversity and ecosystem services and 
highlight important next steps for further BMIP developments. These 
next steps include considering a wider variety of process-based model-
ling approaches and historic benchmark data for rigorous evaluation 
of predictive performance. In its second phase (initiated in 2024), Fish-
MIP will emphasize performing an evaluation set-up (sensu ISIMIP29, 
Box 1) to detect past changes in biomass trends by assessing model 
performance to reconstruct historical observations, attribute trends 
to drivers and provide benchmark datasets for increasing confidence 
in models24. Compared with FishMIP, BES-SIM currently has a limited 
mechanistic basis. Both BES-SIM and FishMIP use ISIMIP data, but only 
FishMIP is an official part of ISIMIP that provides modelling protocols 
to consistently assess climate impacts across sectors20,29–31.

A few other MIP initiatives exist that are relevant to biodiver-
sity, such as AgMIP16,83, the Agricultural Model Intercomparison and 
Improvement Project, and ForMIP84, the global forest model intercom-
parison project. However, these MIPs do not explicitly model indica-
tors of the state of biodiversity or nature but agricultural and forest 
products, and thus we will not further discuss them here.

In the future, a comparison of global models and process-based, 
regional models — as well as benchmarking of models against historic 

observations — could produce important insights about relevant 
eco-evolutionary processes determining past and future terrestrial bio-
diversity changes. In the terrestrial realm, the uptake of process-based 
models in the biodiversity community has been slow owing to data and 
technical challenges85. Process-based models explicitly describe the 
processes by which species respond to environmental variation and 
consider potentially relevant eco-evolutionary processes such as dis-
persal, demography, adaptation and species interactions86. Compared 
with correlative models, process-based models are thought to extrapo-
late better to future conditions and better capture transient dynamics 
and time-lagged responses82,87,88. Using process-based models in BMIPs 
will also produce more diverse outputs and a broader range of EBVs 
to inform decision-making (Fig. 2), but their development should be 
evaluated with regard to the potential trade-off with increased data 
requirements and computational burdens. Consideration of multi-
ple EBVs and key processes driving biodiversity responses to global 
change as well as formal model evaluation and impact attribution will 
be essential steps in the further development and refinement of BMIPs.

Despite its global importance for policy and management, bio-
diversity projections and existing BMIPs are not coordinated by an 
international body such as the WCRP89. IPBES was established in 2012 
to synthesize research, assess evidence on the state of biodiversity 
and ecosystem services and provide policy support. Similar to the 
IPCC, IPBES is an assessment body only and does not conduct or 
direct research. Within the Group on Earth Observations Biodiversity 
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Fig. 2 | Spatially explicit biodiversity models and their typical input data 
requirements and outputs. Inputs (right) include environmental data (natural 
and anthropogenic drivers such as temperature, precipitation or land use) 
and biodiversity data (from monitoring and observing systems and historical 
collections). Connecting lines signify data requirements of models (centre) and 
subsequent model outputs (left). Process-explicit models (light blue) require 
higher data availability (left) than correlative models (teal) but can produce 

a wider range of expected outputs (right). Running the models with past and 
present environmental data (forcing variables) allows the output to be compared 
against observed data for validation and for attribution, whereas running the 
models with forcing scenarios and experiments will provide critical information 
about model sensitivity and potential future outcomes that are relevant for 
informing decision processes. Models are reviewed in refs. 9,10,85.
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Observation Network (GEO BON), the working group EcoCode acts to 
coordinate modelling across multiple biodiversity efforts, ranging from 
monitoring to projections, but lacks the resources to coordinate biodi-
versity research and model intercomparisons more generally. For both 
FishMIP and BES-SIM, coordination, administration, communication 
and scientific activities are handled by volunteers without any dedicated 
staff, which is in stark contrast to CMIP. Defining the experimental 
design and data requirements in a transparent and inclusive collabora-
tive process, coordinating the experiments in a timely manner, provid-
ing the infrastructure for performing the modelling experiments and 
accessing the data and outputs, documenting all steps and results and 
lending support for users are complex tasks19 (Box 2). Financial and insti-
tutional support for BMIPs, analogous to the WCRP, would meaningfully 
enhance their efficiency and long-term sustainability.

Challenges and opportunities for BMIPs
Advancing the broader use of BMIPs across realms will require over-
coming interlinked technical, conceptual and data challenges beyond 
those already well documented in the literature8–10,85. Here, we highlight 
key challenges for the establishment and refinement of BMIPs related 
to model complexity, policy relevance, the appropriate spatial and 
ecological scales and benchmark data. Not every ecological or manage-
ment question will require a formal model intercomparison. We suggest 
that BMIPs are particularly useful for (1) questions of broad relevance 
to understanding and projecting biodiversity changes and (2) national 
to international action planning toward the GBF goals and targets.

First, broadly relevant modelling questions relate, for example, to 
the predictability of biodiversity responses to global change and the 
processes that need to be represented to achieve reliable model projec-
tions. These include understanding the role of key ecological and evolu-
tionary processes — such as dispersal, demography, physiology, species 
interactions and adaptations86 — in shaping biodiversity dynamics and 
how the inclusion of these processes affects model transferability90,91 
across scales. Capturing such mechanisms is thought to improve model 
accuracy8–10,34,49,85, but no comprehensive evidence exists on how much 
mechanistic complexity is needed to accurately project biodiversity at 
different spatial and temporal scales. Model intercomparisons provide 
a powerful means to answer this question. For example, the comparison 
of global and regional model projections by FishMIP indicated that 
larger discrepancies in model outputs at regional scale could reflect 
missing knowledge on relevant mechanisms26. Similarly, a model com-
parison on virtual terrestrial species data indicated that, although 
explicit consideration of mechanisms generally improved projections 
of species range dynamics under climate change, simple dispersal 
models proved more reliable in highly stochastic systems compared 
with more complex population dynamic models82. The appropriate level 
of mechanistic complexity might thus depend on spatial and temporal 
scales, the species and ecosystems analysed, the ecological level and 
type of biodiversity variable of interest (Fig. 3), and the available data 
(Fig. 2). A BMIP comparing models across diverse ecosystems and spa-
tial scales could provide important guidance on when additional pro-
cess representation improves projections and when simpler modelling 
frameworks are sufficient, helping to balance predictive performance 
and forecasting efficiency (sensu ref. 92). Explicitly assessing the rel-
evance of different mechanisms across systems will not only improve 
confidence in future projections but also aid understanding of how 
different drivers contribute to biodiversity change93,94.

Second, we advocate for formal BMIPs to support planning for 
actions toward the GBF goals and targets by comparing the outcomes 

of alternative management choices6,10 and assessing their synergies 
and trade-offs89. Some of the GBF’s 23 targets for 2030, such as the 
30 × 30 target of conserving 30% of land, waters and sea (Target 3), focus 
on spatial planning at the ecosystem and species levels. Other targets, 
such as ensuring urgent management actions to halt the extinction 
of threatened species and restore genetic diversity (Target 4), clearly 
focus on the population level95. Projecting biodiversity outcomes at the 
population level, and even including genetic diversity, will require mod-
els that capture species-specific responses and greater process detail9 
(Figs. 2 and 3). This modelling will be more realistically accomplished 
at local to regional scales than the global scale26. Additionally, whereas 
GBF goals and targets are formulated at the global level, the targets will 
be implemented at the national level. Accordingly, BMIPs across local 
and global scales are needed to inform global outcomes. For parties 
to the Convention of Biological Diversity, national BMIPs could be 
used to assess the ambition within National Biodiversity Strategy and 
Action Plans, specifically, whether planned conservation actions are 
sufficient to deliver stated outcomes and targets96. Developing work-
flows to effectively integrate local and global scales25 could then evalu-
ate whether national plans and targets add up to the level of change 
required to meet the 2050 GBF vision of living in harmony with nature 
(as defined in Goal A) and contribute to the IPBES Global Assessments 
and other thematic IPBES assessments. Importantly, to adequately 
support policy and action planning toward the GBF, BMIPs are required 
for all realms. FishMIP currently constitutes the most advanced BMIP 
incorporating a range of correlative to process-based as well as global 
and regional models19. Similar developments are needed for the terres-
trial realm and especially for the freshwater realm, which is currently 
not adequately considered in BMIPs.

Beyond these broader questions of process understanding and 
decision support, benchmark data are needed with historical observa-
tions at sufficient spatial and temporal scales to validate model predic-
tive performance within BMIPs and allow detection and attribution of 
past biodiversity changes24,93. Explicit evaluation of the model accuracy 
against historic observations will be key to providing legitimacy and 
confidence in model projections and for attributing historical bio-
diversity changes to different anthropogenic drivers and relevant 
eco-evolutionary processes93,94. Biodiversity data are typically sparse 
and biased, as many species-rich developing countries are underrep-
resented in global information databases97,98. Time series of histori-
cal biodiversity changes are even scarcer99. An important aspect for 
establishing BMIPs will thus be to identify appropriate datasets that 
are representative for the targeted species, ecosystems and action 
planning under consideration and to design monitoring schemes to 
aid biodiversity assessments100. Additionally, improved data and sce-
narios on drivers are needed that go beyond climate and land cover to 
also include information on land use, pollution and overexploitation. 
Harmonizing modelling protocols across impact sectors as advocated 
by ISIMIP29 can facilitate integration of additional drivers and explicit 
feedback between biodiversity and anthropogenic drivers101. Active 
participation of BMIP representatives, such as in the CMIP community 
consultation39,40, can also help to ensure that the climate and Earth 
system models, or at least a subset of them, produce the variables 
necessary for running biodiversity models19.

Although biodiversity modelling and BMIPs are lagging behind 
climate modelling, this gap can be filled quickly if sufficient resources 
and coordination are mobilized. Over recent decades, computational 
power has increased tremendously, modelling methods are contin-
uously being improved, and models are increasingly open access.  
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Also, availability of monitoring data and mobilization of historical data 
such as museum records is constantly improving102. New technologies 
for automated, sensor-based or DNA-based monitoring are appear-
ing and, when paired with artificial intelligence, have the potential to 
reduce shortfalls in our biodiversity knowledge103,104. Artificial intelli-
gence and deep learning techniques could also improve parameteriza-
tion, emulation or downscaling of complex models, as shown by newer 
developments in climate science105,106. Building on lessons learned 
from climate science and other impact sectors, wider implementation 
of BMIPs could enhance the reliability and robustness of biodiversity 
projections and effectively support policy and action planning.

Outlook
Drawing on the success of climate model intercomparison projects, 
BMIPs offer a powerful instrument and standardized framework to assess 
model performance, quantify uncertainty and produce transparent 
projections to support science and policy (Box 1). BMIPs are high-level, 
coordinated experiments that (1) reveal the strengths and weaknesses 
of prevailing modelling approaches, (2) guide research needs and model 
developments, (3) allow quantification of uncertainty in biodiversity 

trends based on comparison of different modelling approaches and (4) 
provide defensible and transparent results and projections to support 
policy and action planning at national to international level. Among 
these outcomes, the first two can accelerate progress in the wider field 
of biodiversity modelling and can provide guidance for selecting the 
most appropriate model approaches for case-specific applications in 
conservation and restoration (Fig. 3). The last two outcomes can directly 
contribute to the knowledge base required to achieve the GBF targets 
and goals. We suggest that substantial progress in both arenas is possible 
but will need a strong commitment to international coordination and 
collaboration, funding and knowledge sharing (Box 3).

We advocate for a broader use of BMIPs to support the GBF and the 
National Biodiversity Strategies and Action Plans, in which they could 
have a central role in evaluating and guiding biodiversity strategies 
through both goal-seeking and policy-screening scenarios8,89. Unlike in 
climate science, international policy commitments such as the GBF can-
not yet rely on a broad suite of trusted biodiversity models to ascertain 
the effectiveness of certain actions. Instead, they are forced to rely on 
monitored indicators that are inherently retrospective rather than pro-
active. In target-seeking scenarios (sensu IPBES10), which assess whether 

Unstructured population Nonlinearity Structured population Multispecies

1. Biological scale

Small
Gene or individual Population Community Metapopulation or community Ecosystem or biome

Large

Individual-level interactions Local niche Global niche and range shifts

2. Spatial scale

Small

• High-resolution spatial data
• Regional extent

• Low-resolution spatial data
• Global extent

Large

Extreme events Phenology and voltinism Global oscillations (for example, El Niño) Era

3. Temporal scale

Short
Daily Annual Decade or century 103–108 years

Long

Red or Green List status Protected areas Multilateral agreements

4. Decision-making scale

Local
Population Ecosystem Continent World

International

Management of dry grasslands
for the Glanville fritillary
Biodiversity metric:
Population size and allele frequencies

Key attributes:
• Migrate across patches in a 

metapopulation
• One generation per year
• Dispersive genotypes

E�ects of hunting and poaching
on a keystone species
Biodiversity metric:
Population growth rate and structure

Key attributes:
• Large range
• ~25 years generation time
• Age-dependent survival, 

mortality and kin networks

Forest responses to 
anthropogenic disturbance
Biodiversity metric:
Canopy structural complexity

Key attributes:
• Multiple species
• Old growth, new growth 

and oil palm plots
• LiDAR data

Drivers of food web structure 
in a freshwater ecosystem
Biodiversity metric:
Food chain length

Key attributes:
• Multiple species and trophic levels
• Multiple streams across the 

Amazon river basin
• Stable isotope data

Fig. 3 | Scale dependence in biodiversity modelling. Scale dependence arises 
along multiple dimensions of the biodiversity modelling pipeline related to the 
biological, spatial and temporal scales and the scale of decision-making. For each 
scale dimension, the levels from small to large scale are listed above the line, and 
observable patterns and processes are listed below the line. Importantly, scale 
dependencies interact and can constrain both the modelling methodologies and 
inferences for decision-making. This interplay of scale dependence is further 

shown with four examples (bottom panel) in which the inferred scale across the 
different scale dimensions is illustrated with dots corresponding to the colour 
of each case study. Although each of these examples aims to model an aspect of 
biodiversity (from a population to a community), key attributes of the focal study 
system and scale dependencies result in different scales for decision-making. 
References for examples (boxes in the bottom row, from left to right): ref. 115; 
ref. 116; ref. 117; ref. 118. LiDAR, light detection and ranging.
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planned actions are sufficient to meet specified biodiversity targets, 
BMIPs would allow evaluation of ambition (such as a reduction in average 
extinction risk), whereas in policy-screening contexts, which compare 
the biodiversity outcomes of alternative policy or management options, 
BMIPs would enable systematic comparison of alternative pathways to 
reach a given target. Embedding such questions within a BMIP frame-
work provides a means to quantify uncertainties, standardize outputs 
and connect results to monitored indicators, ultimately strengthening 
the credibility of model projections in a policy context. As a critical next 
step, we recommend that the biodiversity community develop a prior-
ity list of model projections most relevant to GBF goals and targets and 
systematically evaluate how the full range of EBVs respond to different 
drivers and policy interventions. By embedding BMIPs more firmly in the 
GBF process, the scientific community can provide policymakers with 
transparent and robust evidence to identify the most effective policy and 
management options and place global biodiversity on a path to recovery.

Current BMIPs exhibit several important gaps, including a lack of 
species and population-level, process-based models needed to assess 
extinction risk, genetic diversity and associated time lags relevant to 
several GBF targets. For example, most existing BMIPs focus on changes in 

species distributions or community and ecosystem-level metrics, which 
are insufficient to capture population-level patterns and processes such 
as the recovery of local populations and genetic diversity within and 
between populations (Target 4). Additionally, time lags are ubiquitous in 
ecological systems, meaning that the effects of conservation or manage-
ment actions on population size, extinction risk or genetic diversity might 
only become observable decades after implementation and might not be 
detectable in short-term monitoring data107. Process-based models that 
explicitly consider transient dynamics can fill this void, evaluate whether 
nations are projected to be on track to achieving their national targets 
and define interim targets108. Yet, to support this action planning and 
reporting, uncertainty should be reported transparently to ensure the 
accurate communication of confidence in model estimates and projec-
tions. Lessons from climate science demonstrate that MIPs are vital to 
assess and improve policymaker confidence in model estimates13,109. 
National to regional BMIPs should be designed across all realms, including 
freshwater, marine and terrestrial, to produce the EBVs relevant to GBF 
targets and national action planning.

Establishing BMIPs will require greater investment in modelling 
centres, coordination of activities and model development. To support 

Box 3 | Establishing and sustaining biodiversity model intercomparison projects
 

In this Box, we discuss the primary needs to establish and sustain 
biodiversity model intercomparison projects (BMIPs).

Formalization of BMIPs across realms
Establish coordinated and standardized BMIPs across realms to 
enhance comparability, transparency, uncertainty quantification and 
policy relevance of biodiversity models and projections.

Global coordinating body
Develop a global coordinating body to oversee BMIP initiatives, 
analogous to the World Climate Research Programme for climate 
models. Define clear governance structures, funding strategies, 
consultation mechanisms and data-sharing policies to ensure the 
long-term sustainability of BMIPs.

National coordinating committees
Establish national steering committees to align BMIP efforts with 
national biodiversity policies and strategies and ensure that BMIP 
results are directly applicable to national goals and targets.

International collaboration and engagement
Strengthen collaboration among scientists, research institutions, 
policymakers and diverse stakeholders to increase BMIP relevance and  
ensure that national results will scale up to meet international goals.

Building modelling and data infrastructure
Establish necessary infrastructure to facilitate access to modelling 
platforms and data servers, and ensure computing resources for 
large-scale model simulations.

Standardized protocols and experimental design
Create common protocols for model inputs, scenarios and outputs 
to ensure comparability. Define clear experimental set-ups, including 

historical runs and future projections, to assess model performance 
and enhance transparency.

Common benchmark data
Develop shared, high-quality biodiversity and ecosystem benchmark 
datasets across realms to validate models and assess predictive 
performance. Ensure continuous monitoring and data mobilization to 
update datasets and fill data gaps.

Integration of mechanistic modelling
Assess the potential for mechanistic modelling approaches 
to enhance BMIPs, particularly for capturing ecological and 
evolutionary dynamics and improving biodiversity projections under 
global change scenarios.

Model scaling
Assess model complexity needs across different scale dimensions, 
including spatial, temporal and taxonomic scales. Design 
adequate approaches to scale between national, regional and 
global models.

Capacity building and knowledge sharing
Establish platforms for knowledge sharing, including best practice 
guidelines and participatory modelling frameworks. Develop training  
programmes to build modelling expertise and technical skills.

Inclusive and equitable participation
Ensure diverse representation in modelling initiatives, including 
participation by researchers from data-poor regions. Promote 
equitable access to resources and opportunities to enable 
participation from diverse countries and researchers. Facilitate 
capacity building through toolbox development, data accessibility 
and training modules.
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IPBES global assessments, national policy and action planning, clear 
governance structures are essential for the timely production and dis-
semination of results. Initiatives such as FishMIP and ISIMIP are led by a 
group of science coordinators, mostly on voluntary basis, who oversee 
activities and communication with other sectors and with CMIP. These 
projects operate as open and inclusive networks of modellers and stake-
holders. In a related effort, the Ecological Forecasting Initiative, which 
focuses on near-term to decadal projections, has developed a mature 
assessment procedure and associated cyberinfrastructure for model 
comparison and evaluation11. These examples offer valuable blueprints 
for the development of BMIPs. However, although community-driven 
networks can successfully catalyse BMIPs, the WCRP’s role in coordinat-
ing CMIP underscores the need for a dedicated global body to support 
biodiversity modelling efforts89. Given the complexity of projecting 
and protecting biodiversity across national boundaries and among 
numerous scientists and disciplines, establishing such a structure 
will be critical.

Ensuring equitable access to models and modelling expertise will 
be a key prerequisite for the establishment of national and regional 
BMIPs. Ideally, not only the model outputs but the model frameworks 
themselves should be made available in easy-to-use toolboxes for other 
teams along with best practice guidance for their usage8,9,110, as dem-
onstrated in ‘BON in a Box’111, a platform that consolidates validated 
tools and pipelines to help scientists and policymakers to translate 
monitoring data into biodiversity indicators. Modelling centres should 
support capacity-building initiatives to reduce regional inequities in 
human capital, technology and data access that are prerequisites to the 
development of local to national scale models10. The model frameworks 
and toolboxes need to be (1) flexible enough to include the key biologi-
cal processes that are relevant for a given geographical range, at spatial 
and temporal scales and for a given system86; (2) transferable enough 
to be parameterized for different types of ecosystems and organisms; 
(3) scalable enough to model the same processes or EBVs65 to be inte-
grated differently depending on the spatio-temporal scales under study; 
and (4) interoperational because modelling outputs on one EBV should 
be comparable or translatable into other EBVs (such as abundance into 
biomass) to meet the needs of model intercomparisons or action plan-
ning. Standard documentation will further enhance legitimacy and 
reproducibility72,112,113. Participatory modelling could be an interesting 
framework to turn global or regional models into reusable and use-
ful tools aligned with local needs and actors. CMIP has facilitated the 
development of communities translating larger-scale projections into 
fine-scale climate information for impact studies114, and we anticipate 
similar progressions for BMIPs.

In summary, critical gaps and opportunities remain for biodi-
versity model intercomparisons. By drawing on lessons from climate 
science and the success story of CMIP and by building on forerunners 
such as FishMIP and BES-SIM, the development of comprehensive and 
standardized BMIPs can substantially enhance predictive understand-
ing of biodiversity change and inform effective policy. We advocate for 
increased international coordination and collaboration, integration 
of mechanistic modelling and augmented funding to bridge the exist-
ing gaps (Box 3). Future research should focus on developing robust 
benchmarks and improving data availability in order to facilitate more 
reliable projections. Addressing these challenges will be essential for 
achieving the GBF targets and goals. As biodiversity faces unprec-
edented threats, collaborative efforts and informed policy-making are 
imperative to preserve biodiversity, ecosystems and human well-being. 
We invite stakeholders and researchers alike to prioritize these actions, 

ensuring that the scientific community, society and policymakers are 
well equipped to address the urgent biodiversity crisis.

Published online: xx xx xxxx
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