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LUTO2 model
Calculating performance against key indicators
In LUTO2, annual values for GHG emissions, biodiversity, agri-food production, water yield, economic costs, and revenues are calculated based on agricultural land-use, non-agricultural land-use (Tables S2), and agricultural management solutions assigned to each grid cell (Table S3). In the following equations, t denotes the simulation year; j∈J represents the 28 agricultural land-use categories; k∈K denotes the eight non-agricultural land-use categories; and m∈M represents eight agricultural management solutions. The state variables are Xrjt, which is the proportion of grid cell r allocated to agricultural land-use type j in year t; Xrkt, the proportion of cell r allocated to non-agricultural land-use type k in year t; and Xrmt, the proportion of cell r allocated to agricultural management solution m in year t. The equations presented below provide a simplified representation of the mathematical programming formulation within the LUTO2 model.
GHG emissions modelling
The model quantifies GHG emissions through an integrated accounting framework encompassing four components: agricultural land-use emissions, non-agricultural land-use sequestration, agricultural management impacts, and land-use transition emissions. Agricultural GHG emissions factors (kgCO2e ha-1), which include emissions from soil processes, enteric fermentation and manure management, were sourced from 1. Non-agricultural carbon sequestration rates (kgCO2e ha-1), including Environmental plantings, Riparian buffer restoration, and Agroforestry systems (Environmental plantings in a belt arrangement), comprising both above-ground and below-ground components, were calculated using the Full Carbon Accounting Model (FullCAM) 2,3. Emissions from agricultural management solutions and their influence on corresponding land uses were assessed through a combination of literature review and expert consultation. Finally, land-use transitions involving land clearance through conversion of natural land to modified land also generate additional emissions from biomass and soil. The total GHG emissions in year t are thereby calculated as:
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where  represents total net GHG emissions from land in year t,  represents net GHG emissions for agricultural land-use j, represents the area for cell r,  represents net GHG emissions for non-agricultural land-use k,  represents the impact modifier of agricultural management m on GHG emissions of agricultural land-use j,  represents the proportion of grid cell r transitioning from land use j to land use j’ in year t,  represents the GHG emissions associated with transitioning from land use j to land use j’.
Biodiversity modelling
In the LUTO2 model, each land use (agricultural land-use and non-agricultural land-use) and management type was assigned a biodiversity contribution  score (BCj) as an indicator of the general level of native ecosystem composition and function remaining under each land use 4,5. We quantified the biodiversity contribution score for each of the 28 agricultural land uses using the Habitat Condition Assessment System (HCAS) version 3.1 6. The HCAS method assesses habitat condition through a combination of remote sensing, spatial ecological modelling, and ground-based assessment, producing a condition score that ranges from 0 (completely degraded habitat with no value for native biodiversity) to 1 (pristine natural habitat condition) 6. HCAS scores were summarised for each agricultural land use across Australia over 1988-2022 and biodiversity contribution scores were taken as the median HCAS score across each land-use. These were then linearly rescaled to a 0–1 range with Unallocated – natural land assigned a benchmark value of 1. Contribution scores for non-agricultural land uses were assigned based on literature review, with values of 0.8 for Environmental plantings, 0.75 for Agroforestry, 1.2 for Riparian buffer restoration, 0.1 for Carbon plantings, and 1.0 for Destocked natural land 7-9. Additionally, for areas eligible for early dry season savanna burning (EDSSB), we treated this practice as a management strategy positively influencing biodiversity. Following Edwards, et al. 10 and Runting, et al. 11, we assumed a biodiversity contribution reduction factor of 0.8 for eligible natural areas not managed using EDSSB. Biodiversity in year t is then calculated as a contribution-weighted area score:
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where BCj represents the biodiversity contribution of agricultural land use j, BCk represents the biodiversity contribution of non-agricultural land use k. RP represents a set of grid cells eligible for EDSSB. β = 0.8 represents the biodiversity contribution of an RP cell where EDSSB is NOT implemented, β = 1.0 represents the biodiversity contribution of an RP cell where EDSSB IS implemented. is set to 1, indicates the full biodiversity contribution associated with natural land. 
Agri-food production modelling
In the model, agricultural land-use directly produces agri-food commodities, while agricultural management solutions influence agri-food production through modifiers. Agricultural productivity data  (t ha-1) represent the productivity capacity per hectare for each agricultural land-use 1. Agricultural productivity is influenced by climate change and CO2 fertilization, with data sourced from the Global Agro-Ecological Zones model version 4.0 12. Agricultural management solutions affect productivity through adjustment coefficients that modify yields (Table S4). Additionally, non-agricultural land-uses also contribute to agri-food production such as Agroforestry and Farm forestry (Table S5). These land uses, while classified as non-agricultural, are integrated with livestock grazing and contribute to the production of beef and sheep 13,14. The quantity of each agri-food commodity in y year from land-use is calculated as:
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where  represents the total agri-food productivity for agricultural land-use j in year t,  represents the agri-food productivity for agricultural land-use j,   represents modifier of climate change impact on agricultural land use j agri-food productivity in grid cell r in year t,  represents the agri-food productivity of agricultural land-use j for non-agricultural land-use type k,  represents the impact of agricultural management m on agricultural land use j agri-food productivity.
The relationship between land-use types and agri-food commodities is not strictly a direct one-to-one mapping. While dairy and many crop-based land-use categories usually correspond to a single primary product (e.g., the Winter cereals land-use produces only winter cereals), some categories represent mixed systems and can generate multiple outputs (e.g., sheep and beef). Beef- and sheep-dominated land uses also generate joint products. Both sheep and beef can produce meat and live exports, and sheep can additionally produce wool. To assess target attainment, we use spatially explicit land-use-to-commodity conversion coefficients derived from agricultural census data at the grid-cell level, transforming agri-food production quantities into quantities of specific commodities.
Water yield modelling
Water net yield quantification integrates agricultural and non-agricultural water supply-demand dynamics with agricultural management impacts. Water yield data (ML ha-1) were derived using the Budyko framework through the InVEST water yield model. Hydrological modeling using this approach differentiates water yields between shallow-rooted systems (e.g., pasture) and deep-rooted systems (e.g., forests), accounting for variations in water use and availability across different land-use types 15-17. Precipitation and temperature data were sourced from WorldClim Coupled Model Intercomparison Project Phase 6 (CMIP6) General Circulation Models (GCMs) for the SSP2 RCP4.5 scenario 18-20. Potential evapotranspiration was calculated using the Priestley-Taylor method 21,22. Topography, soil depth, and available water content data were obtained from the Australian Soil and Landscape Grid 23. Using these inputs, the Budyko equation determines the ratio of actual evapotranspiration to precipitation, which is then used to calculate water yield 16,24. The results provide water yield estimates for each land-use type, with ensemble averages computed across multiple GCMs. All land uses have a water yield which is calculated based on their rooting depth. Water requirements (ML ha-1) are spatially defined as the typical irrigation water application of irrigated agricultural commodities 1,25. Agricultural land uses have a water requirement for irrigation. For non-agricultural land-uses, only water yield is considered. For agricultural management, the model incorporates an input coefficient representing its influence on the water requirements of the associated agricultural land. The net water yield incorporates water contributions from areas outside the study region, including public and indigenous land, urban areas, plantation forestry, and water bodies. Based on the spatial arrangement of land-use over time, the model calculates water yield by drainage division 26. The net water yield for each catchment 𝑏 in year y is calculated as:
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where WNbt represents the total net water yield in catchment b in year t, WYrj represents the water yield of grid cell r for agricultural land-use j, WRrj represents the water requirement of grid cell r for agricultural land-use j, WYrk represents the water yield of grid cell r for non-agricultural land-use k, Ar represents the area of cell r, MWjm represents the impact of agricultural management m on the water requirement of agricultural land-use j, and WPb represents the water yield from public and indigenous land, urban land, plantation forestry, and water bodies, derived from historical climate data.
Net economic returns modelling
The objective function of LUTO2 is to maximise the net economic returns (NER). NER in this context includes returns from agricultural commodities, costs from agricultural production, agricultural management, and non-agricultural land-uses and includes the cost of transition between land-uses. Agricultural commodity prices (AU$ tonne-1) were sourced from Navarro and Marcos Martinez 1. Annual agricultural costs include a range of variable costs such as quantity-dependent costs (AU$ tonne-1) and area-dependent costs (AU$ ha-1); fixed costs for depreciation, operating, and labour (AU$ ha-1); and water delivery (AU$ ML-1). Annual costs for agricultural management and non-agricultural land-uses were estimated based on a combination of literature review and expert consultation. Transition costs (AU$ ha-1) represent the expenses incurred when converting between land uses and include expenditure on fencing, irrigation setup and removal, water licensing, land clearing, and other necessary modifications 27-29. Establishment of non-agricultural land uses such as Environmental plantings were derived from Summers, et al. 30. NER to land use and management in year t is calculated as:
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where  represents the net economic returns in year t,  represents the agri-food production of agricultural commodity c, c ∈ AC represents 28 agri-food commodities.   associated with each agricultural land-use type j,  represents the price of agricultural commodity c,  represents the cost of agricultural land-use j,  represents the cost of non-agricultural land-use k,  represents the cost of agricultural management m,  represents the cost of transition from agricultural land-use j to j’, represents the cost of transition from agricultural land-use j to non-agricultural land-use k.
Optimisation
Constraints on land-use and agricultural management allocation
The LUTO2 solver allocates agricultural land-use and management as well as non-agricultural land-use solutions to grid cells to optimise multiple objectives while meeting a series of constraints.  Constraints are applied to regulate permissible land-use changes via a land-use transition exclusion matrix. The primary restriction is that only agricultural commodities present within an SA2 in 2010 are permitted to occur within that SA2, ensuring consistency with observed land-use patterns 31. No modified land, including livestock grazing on modified land, is allowed to convert to any type of natural land. Agricultural management can only be applied to specific agricultural land-use types (Table S4).
The optimisation does not choose the land-use proportion of each cell directly. Instead, the decision variables are the year-on-year transition proportions between land uses, following the quantities Xrt(j→j') and Xrt(j→k) used in the GHG and NER equations above and extending them to every ordered pair of land uses. This formulation also enables transition costs to be calculated explicitly for each land-use conversion, rather than inferred from changes in land-use proportions between consecutive years. We write Xrt(u→u') for the proportion of cell r that converts from land use u to land use u' during year t, where u and u' range over the agricultural land uses j and the non-agricultural land uses k. The proportion of a cell under land use u in year t is written Xrut, given by:
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The composition of each cell in the following year is recovered from these transitions through a node balance. For every land use, the proportion in year t+1 equals its proportion in year t plus the proportions converting into it minus the proportions converting out of it, so that a state in which no land moves corresponds to all transitions being zero. The node balance is written as:
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Because land can be released only once it is held, the proportion that a land use transfers to all other uses during year t cannot exceed the proportion it occupies in year t. The source-release limit is written as:
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The source-release limit prevents a land use from transferring more land than it holds and rules out land that has just been received from being transferred again within the same year. The total proportion allocated within each cell is also conserved. The agricultural and non-agricultural proportions of a cell sum to its initial land-use proportion ar, because a cell may be only partly available for land-use change under the spatial resampling. This conservation constraint is written as:
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where ar is the initial (base-year 2010) land-use proportion of cell r. LUTO2 uses the Gurobi optimiser to select the transition proportions that maximise the net economic returns (NER) of the land sector, net of the transition costs incurred as land moves between uses, subject to the node balance, the source-release limit, and the conservation constraint together with the demand, greenhouse gas (GHG), biodiversity, and water constraints described below 32. 
Optimisation objective and constraints
The objective function of LUTO2 is to maximise the NER of the land sector across the study area. The optimisation is subject to three hard constraints. The demand constraints apply to 28 agricultural commodities. For 27 commodities, production is required to equal the scenario-specific demand target. Wool is treated differently because it is jointly produced with sheep meat and cannot be controlled independently. To maintain feasible sheep production systems, wool production is constrained to remain between 100% and 150% of its demand target. The GHG and biodiversity constraints are scenario-specific. When activated by the scenario narrative, they require net land-sector GHG emissions to remain at or below the scenario-specific target and the biodiversity contribution-weighted biodiversity score to remain at or above the scenario-specific target. When deactivated, no constraint is imposed. The numerical values and provenance of all three targets are described in Section 2.5. The objective function in year t is:
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where NERt is the net economic returns in year t. Once all active constraints are met, land-use and management are allocated solely to maximise net economic returns.
Ag2050 scenario parameterization
The four Ag2050 scenarios (Scenario 1 Regional Ag Capitals, Scenario 2 Landscape Stewardship, Scenario 3 Climate Survival, and Scenario 4 System Decline) were operationalised in LUTO2 by translating the qualitative drivers articulated in the Ag2050 Scenarios Report into quantitative, model-ready parameter sets 33. The scenario drivers comprised agricultural productivity growth, production costs, labour costs, food demand, feedlot expansion, technology adoption, GHG mitigation ambition, biodiversity policy stringency, and the availability of non-agricultural land-use options. Together, these drivers define how each scenario reshapes the spatially explicit allocation of land-use and management decisions in LUTO2, while preserving consistency with the model’s existing biophysical, economic, and policy structure.
To translate the Ag2050 narratives into time-varying inputs, historical observations of key drivers were projected to 2050 (Tables S6 and S7) using exponential smoothing time-series models where suitable. Scenario pathways were defined as low, medium, high, and very high trajectories and assigned to the four Ag2050 scenarios according to their narrative assumptions. Extended Data Fig. 2 summarises the historical observations, fitted trends, and scenario-specific trajectories for the main time-varying input parameters used in LUTO2.
Agricultural productivity
Agricultural productivity trajectories were developed separately for beef, sheep, dairy, and cropping production. Historical productivity indices were obtained from the ABARES agricultural productivity datasets using the corresponding time series for each commodity group 34. For each commodity group, historical observations were fitted with an exponential smoothing model with additive error, additive damped trend, and no seasonal component. The fitted model was then used to generate annual projections to 2050.
To make trajectories comparable across commodity groups, all projected values were converted to index values relative to 2010, so that each trajectory represented proportional change through time rather than absolute productivity:
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where Pj,t is the productivity multiplier for commodity group j in year t, and Xj,t is the observed or projected productivity index. The medium pathway was defined as the mean forecast from the fitted ETS model. The low and high pathways were derived from the lower and upper bounds of the model’s 75% prediction interval, respectively. The very high pathway was derived from the upper bound of the 95% prediction interval. All pathways were rescaled so that predicted and observed values coincided at the final historical year before projecting forward.
These productivity multipliers were applied to the relevant crop and livestock production functions in LUTO2. Following the Ag2050 assumption that more intensive and productive systems also require higher area-based inputs, the same multiplier pathways were also applied to area-based input costs.
Labour costs
Labour cost trajectories were derived from median weekly earnings of employees in Australia’s Agriculture, Forestry and Fishing industry, sourced from the Australian Bureau of Statistics (ABS) 35. The input series used the Australia-level estimate for total employees with leave entitlements. Observations from 2014 onwards were used because earlier values were not available in the source data; the 2014 value was assigned to 2010–2013 to provide a complete series beginning in 2010. The resulting historical labour cost series was converted into a multiplier by normalising all values to the 2010 baseline:
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An exponential smoothing state-space model was fitted to the historical labour cost series to estimate the baseline future trajectory. The fitted central trajectory was projected from the final observed year to 2050 and interpreted as the medium labour cost growth pathway. Rather than deriving alternative scenarios from prediction intervals, which primarily shift the baseline trend upward or downward with only modest differences in growth rates, the cumulative growth implied by the fitted medium pathway was rescaled to represent different rates of labour cost escalation.
Let V2024 be the final observed labour cost multiplier and let Mt be the projected medium pathway from the exponential smoothing model. The cumulative growth ratio of the medium pathway relative to the final observed year was calculated as:
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Each scenario-specific labour cost pathway was then generated by raising the cumulative growth ratio to a scenario-specific scaling exponent:
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where k is a scenario-specific growth-rate scaling exponent. Four labour cost scenarios were defined: low (k = 0.5), medium (k = 1.0), high (k = 1.5), and very high (k = 2.0). All scenarios were thus fixed to the same final observed value in 2024 but diverged thereafter according to different assumed rates of cumulative labour cost growth. The low scenario represents half the baseline cumulative growth rate, the medium scenario follows the fitted baseline trajectory, the high scenario applies 1.5 times the baseline cumulative growth rate, and the very high scenario applies twice the baseline rate. The resulting multipliers were applied uniformly across relevant agricultural commodities in the LUTO2 farm labour cost input table.
[bookmark: _Ref229393866]Feedlot sector
Assumptions for the feedlot sector were derived from historical and projected changes in Australian grain-fed cattle production. Historical feedlot cattle shares from 2005 to 2024 were obtained from industry statistics published by Meat & Livestock Australia (MLA) and the Australian Lot Feeders’ Association (ALFA) 36-38. These historical shares were projected to 2050 using an exponential smoothing model with additive error, additive damped trend, and no seasonal component.
The medium feedlot pathway was defined as the mean forecast from the fitted ETS model. The low pathway was derived from the lower bound of the 95% prediction interval, the high pathway from the upper bound of the 80% prediction interval, and the very high pathway from the upper bound of the 95% prediction interval.
Feedlot share partitioning
The projected feedlot shares were used to estimate the composition of beef production across cattle production systems 37. The non-feedlot share was assigned to grass-fed cattle, while the feedlot share was partitioned into short-fed, mid-fed, and long-fed cattle using fixed proportions derived from industry production structure:
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where Sfeedlot,t is the projected feedlot cattle share in year t.
Meat yield per head
These head shares were converted to meat-production shares because different cattle production systems produce different amounts of meat per head. Grass-fed cattle were assigned an average meat yield of 233.24 kg head−1 39,40. Short-fed, mid-fed, and long-fed cattle meat yields were calculated from final liveweight, a combined meat-yield factor (retail boneless meat per kg liveweight), and a mortality adjustment:
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where 468, 652, and 784 kg are the final liveweights for short-fed, mid-fed, and long-fed cattle, respectively; 0.6817 is the combined meat-yield factor (retail boneless meat per kg liveweight, combining dressing percentage and boneless meat recovery); and 0.008, 0.007, and 0.021 are the respective mortality rates during the finishing period.
Meat-production shares
For each year and feedlot pathway, the relative meat contribution of each cattle production system was calculated as the product of head share and system-specific meat yield:
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where Mi,t is the relative meat contribution of cattle production system i in year t, and Yi is its meat yield per head. The meat contributions were normalised to obtain meat-production shares:
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Scenario-specific total beef demand Dt was obtained from the Australian FoodDemand Model (see Section 2.4). Beef production from each cattle production system was then:
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Scenario assignment
The projected feedlot-share pathways were mapped to the four Ag2050 scenarios according to the scenario narratives. Scenario 1 Regional Ag Capitals was assigned the very high feedlot-share pathway, Scenario 2 Landscape Stewardship was assigned the high pathway, and Scenarios 3 Climate Survival and 4 System Decline were assigned the medium pathway.
Revenue and cost adjustment ratios
Feedlot-related cattle production-system shares were used to calculate time-varying adjustment ratios for revenue and cost. Grass-fed baseline values were derived from the LUTO2 livestock input data, including beef price, live export revenue, livestock production potential, variable livestock costs, area costs, labour costs, operating costs, depreciation costs, and water delivery costs.
Short-fed, mid-fed, and long-fed cattle were assigned system-specific revenue coefficients using grain-fed beef price data from Beef Central market reports 41,42. Revenue coefficients were converted to AU$ kg−1 boneless meat using a boneless meat yield of 0.684 (kg boneless meat per kg carcass weight) 43:
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where 9.05, 11.00, and 16.00 are the respective carcass-weight prices (AU$ kg−1 cwt) for short-fed (~90-day), mid-fed (~150-day), and long-fed (~300-day) grain-fed cattle.
Cost coefficients were derived from Beef Central breakeven budgets and expressed on the same per-kg-boneless-meat basis:
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For each year and scenario, weighted-average revenue and cost intensities were calculated using liveweight production as weights. Letting QLWi,t denote liveweight production (tonnes) of cattle production system i in year t:
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where ri and ci are expressed per kg boneless meat. Because dressing percentage is approximately equal across cattle production systems (~54–56%), the meat-yield conversion factor is approximately constant and cancels in the ratio, making liveweight-weighted and meat-weighted averages equivalent for the purpose of computing the ratio relative to the grass-fed baseline:
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The resulting ratios were applied to the relevant LUTO2 revenue and production-cost inputs.
GHG emission adjustment ratios
Stage-specific GHG emission coefficients were sourced from Wiedemann, et al. 39, expressed in kg CO2e kg−1 liveweight on a cradle-to-gate system boundary. The grass-fed baseline was set at 12.0 kg CO2e kg−1 liveweight, while short-fed, mid-fed, and long-fed cattle were assigned coefficients of 9.9, 9.4, and 10.6 kg CO2e kg−1 liveweight, respectively. The weighted-average GHG intensity was calculated as:
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where gi is the system-specific GHG coefficient (kg CO2e kg−1 liveweight), and QLWi,t is liveweight production (tonnes). The GHG adjustment ratio was:
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Water use adjustment ratios
System-specific water-use coefficients were also sourced from Wiedemann, et al. 39,  expressed in ML tonne−1 liveweight on a full cradle-to-gate boundary (drinking water, feed irrigation, and supply losses). The grass-fed baseline was set at 0.200 ML tonne−1, while short-fed, mid-fed, and long-fed cattle were assigned coefficients of 0.296, 0.308, and 0.206 ML tonne−1, respectively. The weighted-average water intensity was:
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and the water adjustment ratio was:
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These annual scenario-specific GHG and water ratios were applied to the corresponding LUTO2 input datasets. This approach allowed feedlot expansion and shifts in cattle production-system composition to modify per-head GHG emissions and water-use parameters through time, while retaining the spatial structure of the original LUTO2 livestock input data.
Food demand projections
Future food demand was projected using the Australian FoodDemand modelling framework, which integrates domestic food consumption, trade, livestock feed requirements, food loss and waste assumptions, and concordances between FoodDemand commodity groups and LUTO/SPREAD commodity classifications. The model was used to generate annual commodity demand trajectories for each Ag2050 scenario from 2010 to 2050.
Domestic food demand
Domestic food demand projections were based on historical FAOSTAT food balance data 44. Annual Australian per-capita food supply was first estimated by commodity group in units of kg person−1 yr−1 and kcal capita−1 day−1. Historical food supply data were aggregated into FoodDemand commodity groups using concordance tables that linked FAOSTAT commodities to LUTO categories.
Future dietary composition was projected using a compositional time-series framework. Total kcal supply per capita was projected with exponential smoothing models, while the relative composition of food demand among commodity groups was modelled using log-ratio-transformed commodity shares. Projected kcal supply and projected commodity shares were then combined and converted back to physical food quantities using commodity-specific kcal-to-mass conversion factors.
Scenario-specific food-demand trajectories were generated by mapping the projected food-demand pathways onto the Ag2050 scenario narratives. Commodity groups were assigned low, medium, high, or very high demand trajectories according to the assumptions described in Table 2.
All scenarios used Shared Socioeconomic Pathway 2 (SSP2) population projections for Australia. Annual domestic demand was calculated as:
	
	(


where Ddomc,t is domestic demand for commodity c in year t, dpcc,t is projected per-capita food demand, and Popt is population.
Export demand
Export demand trajectories were derived in two stages. First, a spatial panel gravity model was estimated on bilateral FAOSTAT trade data (1990–2014) to establish a model-fitted 2010 baseline export volume for each commodity group. This baseline was used as a common reference point for all scenario export trajectories; the SSP2-based gravity-model projection was also retained as a reference trend pathway. The export model was estimated over the top 20 destination countries for each commodity group and used standard gravity covariates, namely destination-country GDP at purchasing-power parity (GDP-PPP), GDP-PPP squared, population, and urban population share, together with a spatial error term to account for spatial dependence among destination countries. Destination-country coordinates were used to construct a sphere-of-influence spatial weights matrix via Delaunay triangulation. The model was estimated as a spatial error model with country fixed effects using the generalised moments estimator of Millo and Piras 45; country fixed effects were recovered as best linear unbiased predictors following Baltagi, et al. 46. Out-of-sample export projections to 2050 were generated by propagating SSP2 GDP-PPP and population trajectories (IIASA/WiC) through the fitted model, while holding the spatial structure at 2014 values 47.
Second, Ag2050 scenario-specific export pathways were constructed by linearly interpolating from the model-fitted 2010 baseline to scenario-specific 2050 target levels, reflecting each scenario’s trade narrative. Scenario 1 Regional Ag Capitals assumed export-oriented growth with a target of 2.00 × the 2010 export volume; Scenario 2 Landscape Stewardship targeted 1.75 ×; Scenario 3 Climate Survival targeted 1.50 ×; and Scenario 4 System Decline maintained the 2010 baseline (1.00 ×). A trend pathway following the SSP2 gravity-model projection was also retained for reference.
Imports
Imports were held constant at 2010 baseline levels under the static-import assumption used in this study.
Total demand
Total commodity demand was therefore calculated as:
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Demand multipliers relative to 2010 were then calculated and applied to the LUTO-compatible commodity baseline:
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These multipliers were used to scale future commodity demand trajectories while maintaining consistency with the LUTO production baseline and commodity definitions.
Feed demand projections
Livestock feed demand was calculated using livestock production projections together with feed-conversion relationships derived from Australian feed-ration datasets. Feed conversion ratios and feed composition were obtained from livestock-specific feed-ration tables that link livestock systems to SPREAD feed commodities.
For each livestock type and feed commodity, a scaled feed coefficient was calculated as:
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where Sharel,f is the feed-ration share of feed commodity f for livestock type l, FCRl is the feed conversion ratio, CropFracl,f is the crop-based feed fraction, and Convl is the livestock product conversion factor.
Base-year feed demand was calculated by multiplying livestock production by the scaled feed coefficients and summing across livestock systems. To avoid double counting, the feed component was removed from baseline crop production before calculating non-feed crop demand:
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Future non-feed crop demand was then projected using the scenario-specific demand multipliers:
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Future livestock feed demand was calculated as:
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where Productionl,t is livestock production for livestock system l in year t.
Projected feedlot expansion was incorporated into beef feed demand through time-varying cattle production-system coefficients. Total beef demand was partitioned into grass-fed, short-fed, mid-fed, and long-fed production systems using the projected feedlot shares described in Section 2.3.
For each feedlot production system, concentrate feed demand during the finishing period was calculated from liveweight gain and feed conversion ratios:
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where Fi,f is feed demand for feed commodity f per head of cattle production system i, ΔWi is liveweight gain during the finishing period, and FCRi,f is the feed conversion ratio for that feed commodity and production system. Liveweight gain was calculated from entry and final liveweights.
Total feedlot feed demand for each feed commodity, year, and scenario was:
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where Ni,t,s is the projected number of feedlot cattle of production system i in year t under scenario s.
This feed demand was aggregated by SPREAD feed commodity and used to construct feedlot-adjusted beef feed coefficients:
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where FeedDemandbeeff,t,s is total beef feed demand for feed commodity f, and Productionbeeft,s is total beef production. These feedlot-adjusted coefficients replaced the generic historical beef feed coefficients in the FoodDemand model wherever scenario-specific values were available. Consequently, future beef feed demand was determined not only by total beef demand, but also by changes in the composition of grass-fed, short-fed, mid-fed, and long-fed beef production under each Ag2050 scenario.
Final commodity demand
Final commodity demand was calculated by combining non-feed demand and livestock feed demand:
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For commodities assumed to be imported feed sources, feed demand contributed to imports rather than domestic production requirements. The resulting demand trajectories therefore represent the total LUTO-compatible commodity demand required to satisfy domestic food consumption, exports, imports, and livestock feed requirements under each Ag2050 scenario.
Scenario-specific targets
Beyond the time-varying input parameters described above, each Ag2050 scenario also specifies the policy targets that LUTO2 must satisfy during optimisation. These targets are imposed as hard constraints on net GHG emissions, biodiversity contribution-weighted biodiversity score, and agri-food demand. The agri-food demand target is enforced in every scenario. The GHG and biodiversity targets are scenario-specific and are enforced only when activated by the scenario narrative. The three targets are described in turn below.
GHG emissions targets
GHG emissions targets in this study are scenario-specific and reflect the contrasting climate ambition of each Ag2050 narrative. Under Regional Ag Capitals, annual net land-sector emissions are constrained at or below the 2010 baseline of 65.6 Mt CO₂e yr⁻¹, so that future emissions cannot exceed the level observed at the start of the simulation. Under Landscape Stewardship, a more ambitious mitigation pathway is imposed following a climate pathway with a 67% probability of limiting global warming to 1.8 °C, based on emissions trajectories derived from the AusTIMES integrated assessment model. This pathway requires annual net land-sector emissions to decline progressively from the 2010 baseline to −73.72 Mt CO₂e yr⁻¹ by 2050, consistent with Australia’s commitment towards net-zero land-sector emissions under the National Net Zero Plan 48,49. No GHG constraint is applied under Climate Survival or System Decline, reflecting the deprioritisation of climate change mitigation in these two narratives. Where active, the constraint is enforced as a hard annual constraint in every simulation year.
Biodiversity targets
Biodiversity targets follow the same scenario-specific logic and operationalise the Ag2050 narratives' positions on nature recovery. Under Regional Ag Capitals, a modest restoration target is imposed, restoring 5% of the priority area within the top 20% of grid cells ranked by biodiversity contribution score by 2050. Under Landscape Stewardship, an ambitious restoration target is imposed consistent with the Kunming-Montreal Global Biodiversity Framework Target 2 (GBF2) 8, restoring 50% of the priority area within the top 20% of grid cells ranked by biodiversity contribution score by 2050, with the annual target derived by linear interpolation between the 2010 baseline and the 2050 endpoint. The biodiversity priority ranking uses the Habitat Condition Assessment System 6 and the spatial prioritisation of Archibald, et al. 50. No biodiversity constraint is applied under Climate Survival or System Decline.
Agri-food demand targets
Agri-food demand targets are imposed in every scenario as a hard constraint. For 27 of the 28 agricultural commodities tracked in LUTO2, the annual production in year t is required to equal the projected demand for that commodity. Wool is treated separately because it is jointly produced with sheep meat and cannot be controlled independently, and is instead constrained to remain between 100% and 150% of its demand target. Scenario-specific demand trajectories combine projected domestic consumption, exports, imports, and livestock feed, and are constructed using the procedure described in Section 2.4 above.
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Table S1. Core modelling assumptions and baseline settings used in all LUTO2 simulations. The table summarises key assumptions and configuration settings that were held constant across all scenario simulations, including optimisation settings, spatial and temporal resolution, and food demand assumptions.
	Parameter
	Value
	Notes

	Model structure
	
	

	Objective
	Maximise profit
	Pursue maximum net returns

	Spatial resolution
	RESFACTOR = 3
	~900 ha cell

	Simulation period
	2010–2050 (annual)
	Base year 2010

	Carbon accumulation window
	60 years
	For tree-planting sequestration averaging

	Natural Resource Management
	Enable
	The constraint limits the combined area allocated to all non-agricultural land uses to no more than 15% of the modelled land area within each natural resource management region.

	Climate and socioeconomic settings

	Socioeconomic pathway
	SSP2
	Business-as-usual socioeconomic development pathway

	Climate scenario
	RCP4.5
	CMIP6 climate forcing pathway

	Climate impacts on productivity
	Enable
	GAEZ-derived climate productivity modifiers

	Climate impacts on water yield
	Enable
	CMIP6 climate projections applied to hydrological modelling

	Demand

	Domestic diet
	BAU
	No dietary shift

	Global diet
	BAU
	No dietary shift

	Food waste
	Baseline (×1.0)
	No waste reduction

	Feed efficiency
	BAU
	No livestock efficiency improvement

	Demand constraint type
	Hard
	Production of 27 commodities must equal demand targets. Wool is constrained to 100–150% of demand because it is jointly produced with sheep meat.

	Water

	Water licence costs
	Enable
	Included in economic calculations



Table S2. Definition and description of non-agricultural land-use solutions used in the LUTO2 model. Each non-agricultural land-use type represents a distinct approach to integrating agriculture and forestry into Australian landscapes, including varying spatial arrangements (block versus belt formations) and combinations with livestock production.
	Non-agricultural land-use
	Definition

	Environmental plantings
	Establishment of mixed native tree and shrub species in dense block arrangements across land areas 51.
	

	Riparian buffer restoration
	Planting mixed native trees and shrubs along riparian zones (riverbanks and stream edges), typically in linear formations 52.
	

	Agroforestry (mixed species + sheep)
	Integration of mixed-species tree plantings in linear belt arrangements with sheep grazing on agricultural land, allowing simultaneous tree growth and livestock management 53.
	

	Agroforestry (mixed species + beef)
	Integration of mixed-species tree plantings in linear belt arrangements with beef cattle grazing, combining forestry with cattle production on agricultural land 53.
	

	Carbon plantings 
	Establishment of single-species tree plantings in large, contiguous block arrangements 54.
	

	Farm forestry (hardwood timber + sheep)
	Single-species hardwood tree plantings established in linear belt arrangements on grazing lands, integrated with sheep production to simultaneously produce timber and livestock 55.
	

	Farm forestry (hardwood timber + beef)
	Single-species hardwood tree plantings established in linear belt arrangements on grazing lands, integrated with beef cattle production to simultaneously produce timber and livestock 55.
	

	Destocked natural land
	Complete removal of livestock from natural grazing lands to allow full ecological recovery through passive regeneration. This land-use supports biodiversity and carbon sequestration by eliminating agricultural disturbance and enabling native vegetation to re-establish 56.
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	Agricultural management
	Definition

	Agricultural technology (fertiliser)
	A fertiliser-efficiency bundle using enhanced-efficiency fertilisers (slow- and controlled-release formulations) and nitrification inhibitors to improve nitrogen use efficiency and reduce losses. This optimises input use, reduces waste, and improves crop yields57,58.
	

	Agricultural technology (energy)
	An energy bundle deploying digital (“smart agriculture”) technologies that reduce the energy intensity of on-farm energy use through improved operational efficiency—particularly via variable-rate technologies and precision timing and application of inputs (including precision fertiliser application) 59,60.
	

	Methane reduction (livestock)
	A livestock diet supplementation bundle for methane reduction involving the use of Asparagopsis taxiformis (a tropical red seaweed) and 3-nitrooxypropanol (3-NOP). Asparagopsis contains bromoform, which inhibits methanogenic archaea in the rumen, while 3-NOP targets the enzyme methyl-coenzyme M reductase. This bundle also includes manure management interventions—such as anaerobic lagoons and related capture systems—to reduce methane from manure and recover biogas 61-63.
	

	Early dry-season savanna burning
	An early dry-season fire management strategy in tropical savannas involving controlled, low-intensity burns. Early burns consume less biomass, reducing emissions compared to late dry-season wildfires 10,11.
	

	Biochar
	A biochar soil amendment method where pyrolyzed biomass (burned in low-oxygen conditions) is added to soils. The carbon-rich biochar forms a stable, long-term carbon repository, sequestering carbon for centuries while improving soil fertility and water retention 64,65.
	

	Managed regeneration (beef)
	A land regeneration strategy applied to natural land grazed by cattle, where grazing pressure from cattle is halved to promote natural recovery of native vegetation communities and ecological function 66,67. It includes active restoration of native vegetation species. 
	

	Managed regeneration (sheep)
	A similar method to managed regeneration (beef), this strategy is implemented exclusively on natural land grazed by sheep 66,67.
	

	Regenerative agriculture (livestock)
	A regenerative grazing bundle applied to livestock on modified pastures, combining rotational and adaptive grazing, longer pasture rest periods and retention of ground cover to rebuild soil organic carbon and pasture condition. It raises pasture productivity and the associated revenue, increases operating and labour costs, increases soil carbon sequestration and reduces indirect N2O emissions from nitrogen leaching and runoff, and alters irrigation water requirements. It is assumed to have no direct effect on the biodiversity contribution score 68,69.
	



[bookmark: _RefCXSTable4]Table S4. Agricultural land-use and corresponding agricultural management in LUTO2.
	Agricultural land-use
	Corresponding agricultural management

	
	Agricultural technology (fertiliser)
	Agricultural technology (energy)
	Methane reduction (livestock)
	Early dry-season savanna burning
	Biochar
	Managed regeneration (Beef)
	Managed regeneration (Sheep)
	Regenerative agriculture (livestock)

	Apples
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Beef - modified land
	×
	×
	✓
	×
	×
	×
	×
	✓

	Beef - natural land
	×
	×
	✓
	✓
	×
	✓
	×
	×

	Citrus
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Cotton
	✓
	✓
	×
	×
	×
	×
	×
	×

	[bookmark: _Hlk190182310]Dairy - modified land
	×
	×
	✓
	×
	×
	×
	×
	✓

	Dairy - natural land
	×
	×
	✓
	✓
	×
	×
	×
	×

	Grapes
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Hay
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Nuts
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Other non-cereal crops
	✓
	✓
	×
	×
	×
	×
	×
	×

	Pears
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Plantation fruit
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Rice
	✓
	✓
	×
	×
	×
	×
	×
	×

	Sheep - modified land
	×
	×
	✓
	×
	×
	×
	×
	✓

	Sheep - natural land
	×
	×
	✓
	✓
	×
	×
	✓
	×

	Stone fruit
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Sugar
	✓
	✓
	×
	×
	×
	×
	×
	×

	Summer cereals
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Summer legumes
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Summer oilseeds
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Tropical stone fruit
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Unallocated - modified land
	×
	×
	×
	×
	×
	×
	×
	×

	Unallocated - natural land
	×
	×
	×
	×
	×
	×
	×
	×

	Vegetables
	✓
	✓
	×
	×
	×
	×
	×
	×

	Winter cereals
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Winter legumes
	✓
	✓
	×
	×
	✓
	×
	×
	×

	Winter oilseeds
	✓
	✓
	×
	×
	✓
	×
	×
	×
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	Land-Use Type
	Non-agricultural land use
	Agricultural commodities

	
	Environmental plantings block
	Agroforestry
	Riparian plantings
	Carbon plantings block
	Carbon plantings belt
	Beef
	Sheep
	

	Environmental plantings (mixed species)
	✓
	×
	×
	×
	×
	×
	×
	

	Riparian buffer restoration (mixed species)
	×
	×
	✓
	×
	×
	×
	×
	

	Agroforestry (mixed species + sheep)
	×
	✓
	×
	×
	×
	×
	✓
	

	Agroforestry (mixed species + beef)
	×
	✓
	×
	×
	×
	✓
	×
	

	Carbon plantings (monoculture)
	×
	×
	×
	✓
	×
	×
	×
	

	Farm forestry (hardwood timber + sheep)
	×
	×
	×
	×
	✓
	×
	✓
	

	Farm forestry (hardwood timber + beef)
	×
	×
	×
	×
	✓
	✓
	×
	




Table S6. LUTO2 data description
	Data Description
	Unit
	Dimensionality
	
	Purpose
	Sources

	
	
	Spatial
	Time-series
	Profit
	
	Agri-food 
	GHG
	Biodiversity
	Water
	

	Agricultural commodity prices
	AU$ t-1
	✓
	×
	✓
	
	×
	×
	×
	×
	Navarro and Marcos Martinez 1

	Agricultural productivity
	t ha-1
	✓
	×
	✓
	
	✓
	×
	×
	×
	Navarro and Marcos Martinez 1

	Impact of climate change on productivity
	Coefficient
	✓
	✓
	✓
	
	✓
	×
	×
	×
	FAO 12

	Agricultural cost
	AU$ ha-1
	✓
	×
	✓
	
	×
	×
	×
	×
	Navarro and Marcos Martinez 1

	Non-agricultural cost
	AU$ ha-1
	×
	×
	✓
	
	×
	×
	×
	×
	Summers, et al. 30

	Agricultural GHG emission
	kg CO2e ha-1
	✓
	×
	✓
	
	×
	✓
	×
	×
	Bryan, et al. 70

	Non-agricultural GHG sequestration
	kg CO2e ha-1
	✓
	×
	✓
	
	×
	✓
	×
	×
	DCCEEW 2

	Biodiversity benefits
	0-1
	✓
	×
	×
	
	×
	×
	✓
	×
	Archibald, et al. 50

	Biodiversity degradation score
	0-1
	×
	×
	×
	
	×
	×
	✓
	×
	Munroe, et al. 6

	Water requirement
	ml ha-1
	×
	×
	✓
	
	×
	×
	×
	✓
	ABS 25, Navarro and Marcos Martinez 1

	Water yield
	ml ha-1
	✓
	✓
	×
	
	×
	×
	×
	✓
	Eyring, et al. 18, TERN 23

	Water cost
	AU$ t-1
	✓
	×
	✓
	
	×
	×
	×
	×
	ABS 25

	Transition cost
	$ ha-1
	
	×
	✓
	
	×
	×
	×
	×
	HomeGuide 28, EcoSpecifier 29; FW 27

	Transition GHG emission
	kg CO2e ha-1
	✓
	×
	✓
	
	×
	✓
	×
	×
	DCCEEW 2

	Methane reduction (livestock)
	Coefficient
	×
	✓
	✓
	
	×
	✓
	×
	×
	Batterham, et al. 71, Wiedemann, et al. 72,  Roque, et al. 61, Whittington 62, Cowley, et al. 63

	Agricultural technology (energy)
	Coefficient
	×
	✓
	✓
	
	✓
	✓
	×
	✓
	RR&DC2018 73; Lambert 60

	Agricultural technology (fertiliser)
	Coefficient
	×
	✓
	✓
	
	✓
	✓
	×
	✓
	Mockshell and Kamanda 58

	Early dry-season savanna burning
	Coefficient
	×
	✓
	✓
	
	×
	✓
	✓
	×
	Edwards, et al. 10; Runting, et al. 11

	Biochar
	Coefficient
	×
	✓
	✓
	
	✓
	✓
	×
	✓
	Fitch, et al. 74; Ye, et al. 65; Jiang, et al. 75; Li and Tasnady 76; Wei, et al. 77

	Regenerative agriculture (livestock)
	Coefficient
	×
	✓
	✓
	
	✓
	✓
	×
	✓
	Johnson78, Mosier69



Table S7. Primary data sources used to quantify the time-varying input parameters of the four Ag2050 scenarios.
	Parameter
	Data source
	Reference

	Agricultural productivity
	Broadacre and dairy farm productivity estimates
	ABARES 34 34

	Labour cost
	Employee earnings, Agriculture, Forestry and Fishing industry
	ABS 35

	Feedlot cattle numbers
	Quarterly feedlot industry surveys
	MLA 38; ALFA 36; Condon 37

	Feedlot emissions, water, and cost coefficients
	Life-cycle assessment of Australian feedlots; grain-fed market reports
	Wiedemann 39,43; Condon 41,42

	Food demand
	FAOSTAT food balances
	FAOSTAT 44

	Population
	SSP2 population projections for Australia
	IIASA SSP database 47



Table S8. System-specific coefficients for grass-fed and grain-fed (short-, mid-, and long-fed) cattle used to derive the time-varying feedlot adjustment ratios. Revenue and cost are expressed per kg boneless meat; GHG and water are expressed per kg and per tonne liveweight (LW), respectively. Grass-fed values are the LUTO2 baseline against which adjustment ratios were computed.
	Cattle system
	Meat yield (kg head⁻¹)
	Revenue (AU$ kg⁻¹)
	Cost (AU$ kg⁻¹)
	GHG (kg CO₂e kg⁻¹ LW)
	Water (ML t⁻¹ LW)

	Grass-fed
	233.2
	baseline
	baseline
	12.0
	0.200

	Short-fed (~90 days)
	316.5
	13.23
	10.28
	9.9
	0.296

	Mid-fed (~150 days)
	441.4
	16.08
	9.84
	9.4
	0.308

	Long-fed (~300 days)
	523.2
	23.39
	9.84
	10.6
	0.206



Supplementary Figures
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[bookmark: _RefCXSFig1]Fig. S1 | Study area. The LUTO2 study area encompasses all privately owned (freehold) and leasehold land in Australia used for agricultural production, excluding public land, Aboriginal land managed for traditional Indigenous purposes, conservation reserves, urban land, plantation forestry, and water bodies, covering about 465 million hectares (around 60% of the continent). Source: ABARES 79, Land Use of Australia 2010–11.
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