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Abstract

Benefit—cost ratios are the canonical rule for filling a budget from a passive menu. In
adversarial procurement in two-value space, a buyer acquires assets sequentially, with the
rival’s valuation setting price. Because cost also signals removal risk, the ratio rule retreats
from assets the rival takes first and can be dominated by a value-first rule that ignores cost,
a knapsack reversal. We prove the reversal and show it survives strategic response. Moving
from the ratio rule toward value-first raises buyer value monotonically; the best-performing
rules are value-led. In Bolivia, static cost-effectiveness overstates the buyer’s realised value
by 15-20%.
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1 Introduction

Cost-effectiveness ratios, the workhorse allocation rule across myriad procurement problems,
reflect the fractional-knapsack optimality result (Dantzig, 1957): when assets are divisible and
a single agent fills a budget from a fixed menu, the greedy ratio rule is optimal. That benchmark
treats cost as a resource constraint while leaving the opportunity set exogenous. Our analysis
shows that its conclusion is fragile within a problem structure we call adversarial procurement
in two-value space: acquisition is sequential, each side’s choices reshape the other’s opportunity
set, a blocked rival may re-target, and the asset price is aligned with the rival’s valuation. When
the same coordinate drives both price and the rival’s removal priority, cost signals endogenous
scarcity as well as expense. The ratio rule can then be strictly dominated by a simpler priority

rule that, subject to feasibility, ignores cost entirely, a pattern we call the knapsack reversal.

Our analysis identifies a shadow cost missing from the passive-menu calculation: economising
on a cost that is also the rival’s valuation, the ratio rule retreats from exactly the high-value
assets the rival is poised to remove, ceding ground that a rule ignoring cost would have claimed

first. The ratio rule misreads its own denominator.

The reversal can arise wherever a mission-driven buyer deploys a budget against an active
rival whose valuation helps set prices, so that the rival removes assets by the coordinate in
the ratio rule’s denominator. Health systems compete for scarce clinical inputs against the
private sector (Weinstein and Stason, 1977; Gold et al., 1996); public procurement and capital
budgeting weigh social benefit against commercial returns (Brealey et al., 2020); and public land
banks face prices driven by private development potential (Johnson and Hurter, 2000; Baum-
Snow and Marion, 2009; Shavell, 2010). These settings are conventionally treated as planner
problems, but in two-value space the adversarial dynamics overturn their canonical ratio-rule

conclusion.

We take environmental conservation as the most policy-urgent running case. Conservation’s
adversarial, two-value structure is unusually transparent: land allocation is frequently contested
(e.g. Fearnside, 2017; Knowles-Nelson Stewardship Program, 2024), and land prices track the
developer’s valuation rather than the conservationist’s ecological payoff. The same valuation
therefore drives both the price conservation pays and the probability that the site will be devel-
oped if conservation waits. Cost-efficiency (ratio rule) criteria are common among conservation
siting practices (Ball et al., 2009; Watts et al., 2009; Ando et al., 1998) and the need for effec-
tiveness is urgent: more than 190 countries have committed to protecting 30% of the Earth’s
land and ocean by 2030, the “30x30” goal of the 2022 Kunming—Montreal Global Biodiversity
Framework, and meeting the target will require unprecedented acceleration of conservation ef-
forts (UNEP-WCMC and IUCN, 2024). Our analysis shows that within this structure, static
priority rules grounded in cost-efficiency logic can be suboptimal, and our empirical application
in Bolivia suggests the shortfall can be meaningful, on the order of a 15-20% “disappointment

gap”, a dynamic dimension of the broader ‘implementation gap’ (Knight et al., 2008).



Another feature that makes conservation a particularly striking example is that the counter-
factual metric, called additionality, has become a binding evaluation criterion:' carbon markets,
payments for ecosystem services, and impact-evaluation methodologies increasingly channel
funding toward sites where empirically estimated additionality is highest (Andam et al., 2008;
Joppa and Pfaff, 2011; Wunder, 2015; Delacote et al., 2024). In static threat frameworks, greater
threat raises potential additionality, while leakage (the extent to which displaced development
relocates elsewhere) and implementation effectiveness govern how much is realised (Delacote
et al., 2024). We show that with dynamic endogenous threat, targeting the assets the rival
most values sacrifices selection quality and can fail to maximise value-weighted additionality
even at zero leakage. Thus the mechanism we identify does not merely describe conservation

siting, it distorts the metric policy has chosen to optimise.

Conservation practice has debated for four decades about what to prioritise: ecological
value, development threat, some combination, or cost-effectiveness—the ratio-greedy rule (e.g.
Margules et al., 1988; Naidoo et al., 2006; Allan et al., 2019; Dinerstein et al., 2020). In a two-
value framework these positions are landmarks on a single priority axis. Scoring each available
asset by Yy = F A=*, where E is the focal agent’s value and A the rival’s, traces a continuum in
which the exponent A encodes how the focal agent reads the rival’s coordinate A: ratio-greedy
(A = 1) penalises high-A assets as expensive, value-first (A = 0) prioritises £ and ignores
A, hot-spot targeting (A = —1) leans into A while keeping an ecological criterion, and pure
threat-targeting (A — —oo) chases high-A assets to pre-empt the rival. In our setting both
extremes fail, on opposite flanks. Ratio-greedy under-pre-empts, treating the rival’s demand as
mere cost and retreating from the contested frontier; threat-targeting over-pre-empts, discarding

own-value selection to mirror the developer.

Consider conservationists (“Greens”) and developers (“Farmers”) in sequential competition
over land that each side values differently. When Green pre-empts a plot, the displaced Farmer
may re-target development elsewhere; the leakage rate governs how fully it can, from pre-
emption that sticks at zero leakage to threat that simply relocates at full leakage. In Claims
World, we abstract from prices and budgets and study pure rivalry with endogenous displace-
ment. In Budget World, Greens must buy sites at prices determined by Farmers’ agricultural

value.

Formal theory establishes that the central finding, the knapsack reversal (that value-first
beats ratio-greedy), is a structural feature in both worlds. In Claims World, where no price or
budget mechanism is active, Theorem 3.1 proves a finite-board, distribution-free, weak pathwise
dominance of value-first over ratio-greedy under a max-A rival. Its content is dynamic: Green’s
current choice changes what Farmer takes next and therefore what remains available, so passing
over the highest-F plot can in principle improve Green’s eventual portfolio; nevertheless, tilting
from value-first toward ratio-greedy never does. A separate follower theorem (Theorem 3.2)

shows that the reversal persists against a strategic best-responding rival; when Farmer plays a

!The mechanism concerns outcome additionality—the difference from BAU—rather than project or financial
additionality, the test of whether an intervention would occur without funding. We use the unqualified term for
outcome additionality throughout.



subgame-perfect best response to Green’s committed rule, Green’s payoff is weakly decreasing
along the whole value-first-to-ratio interval. Backward-induction computations across the diag-
nostic battery confirm the result with zero violations across hundreds of thousands of boards
(Appendix 52).

In Budget World, both teams spend down a budget on assets priced by the developer’s value
A; so for the focal buyer pre-emption is now priced. In this setup the textbook cost-effectiveness
rule does economise, and its budget lasts longer than value-first. However we show formally that
by retreating early from the high-cost corridor, ratio-greedy’s savings come too late; the rival has
already removed the contested high-value plots, and the extra budget cannot secure sufficient
value to make up the early shortfall, even though the price is exactly the coordinate ratio-
greedy sets out to economise on. Specifically, Theorem 4.1 establishes asymptotic dominance?
of value-first over ratio-greedy in the independent case, and Theorem 4.2 proves the advantage
increases monotonically with ecological-agricultural correlation across p € [0,0.3], the range

spanning the value estimated on the Bolivian landscape.

The formal strategic result belongs to Claims World. The priced Budget theorems condition
on proportional prices, budget parity, full leakage, Farmer-first play, and a Rival-Blind max-A
Farmer; Budget World strategic scope diagnostics in Section 6 then use backward induction
to evaluate the same Green rankings against forward-looking Farmers with linear, power, and

fixed-cost objectives.

The proofs from both Worlds reveal a unified mechanism. Ratio-greedy retreats into the
low-A corridor of the landscape that the rival does not contest, while value-first competes head-
to-head with the rival in the upper tail. The rival’s removals during contested play create the
gap; under unlimited budgets the gap widens rather than closes, confirming that adversarial
pressure rather than budget exhaustion is the engine. In Budget World, prices add a reinforcing
self-hedging channel as the rival’s removals of expensive contested items also relieve Green’s

residual budget.

Two scope conditions bound the reversal and further elucidate the mechanism. The first
qualifies the value-correlation effect. Theorem 4.2 proves amplification on [0, 0.3]; beyond the
proved range, simulations show the gap peaking near p ~ 0.7 and attenuating thereafter. The
reversal is therefore sharpest on substantially but imperfectly aligned landscapes and weakest
where the two values nearly coincide. The second condition is a selection requirement: ecological
value compression across plots weakens the reversal by shrinking the quality gap between top-
ecological and top-ratio portfolios. This yields a simple diagnostic, the ecological selection
premium (ESP): the extent to which the ecologically best sites outperform the ratio-best sites

in ecological value.

To map how the reversal evolves under different levels of leakage and against different types

2Mathematically the introduction of budgets turns the problem from one of clean claiming, where value-first
can be shown to win on every board, into a knapsack, where one expensive plot can crowd out several cheaper ones
and create rare board-specific exceptions that become nonrepresentative under the benchmark sampling scheme
as N grows. Thus while the Claims result is an exact, finite-board theorem, the Budget result is asymptotic.



of rivals we turn to computational simulations and subgame-perfect best-response diagnostics.
These tools locate the best rule on the full priority axis when playing against different rivals, and
compare rule performance with fully strategic Green play. They also allow an analytically useful
decomposition of each outcome into a Pure Strategy Effect (PSE), the intrinsic quality of the
sites a strategy secures, and a Displacement—Leakage Effect (DLE), the gains from constraining

re-targeting when leakage is incomplete.

The simulations deliver three sets of findings. First, the knapsack reversal appears at every
simulated leakage level under the Rival-Blind and Rival-Aware heuristic Farmers. Second, we
find a second reversal at the pre-emptive extreme of the priority axis. Threat-targeting (for
example, to maximise additionality) is more fragile than it appears in a conservation literature
that treats threat, or the probability of threat, as static. Even at zero leakage, a benchmark
favourable to successful pre-emption (Delacote et al., 2024), pure threat-chasing is dominated by
a priority rule that admits an environmental value criterion: threat raises potential additionality,
but threat alone sacrifices selection quality (PSE) that residual conservation (DLE) cannot re-
cover. Against rivals who also pre-emptively target high-ecological-value sites, threat-targeting
collapses entirely against simple value-first selection at every leakage level. Third, reducing
leakage can perversely increase the paper’s conditional welfare-loss statistic: when developers
are prevented from re-targeting, conservation may end up acquiring high-agricultural-value land

without commensurate ecological gain.

The subgame-perfect diagnostics replace the mechanical rival with best responders under
linear, power-curvature, and fixed-cost objectives: the linear case is a constant-return boundary,
while the two regularised objectives remove its portfolio indeterminacy and in fact strengthen
the value-first advantage. The diagnostics also locate the best simple rule on the priority axis,
and in both worlds it is value-led. What moves its position is whether pre-emption is free
or paid for. When claiming is free, leaning past value-first into the contested frontier pays
twice, blocking plots the developer would otherwise have taken and reshaping a strategic rival’s
continuation play in Green’s favour. Once the rival’s valuation is also Green’s price, both gains
erode, since racing to pre-empt means overpaying for the very plots at issue, and the best rule

moves back toward value-first. Section 6 traces the shift across the full axis.

Finally, a case study on Bolivia quantifies the knapsack reversal on a real landscape. Using
high-resolution biophysical data, we build a Bolivian planning board with 390 spatially het-
erogeneous units and estimate a positive ecological-agricultural correlation of approximately
p ~ 0.29. The same qualitative ranking survives: value-first procurement continues to out-
perform both threat-targeting and static cost-effectiveness, and a static knapsack benchmark
overstates realised conservation returns by roughly 15-20%. On the Bolivia board, ratio-greedy
is virtually identical to the exact passive-menu 0-1 optimum; the economically meaningful

shortfall appears only when the rival endogenously shrinks the menu.

The framework we study is related to several literatures on sequential allocation and adver-
sarial procurement. Closest are the literatures on picking sequences and turn-taking allocation
(Kalinowski et al., 2013a; Bouveret and Lang, 2014; Aziz et al., 2015; Coreno and Balbuzanov,



2026; Kalinowski et al., 2013b), which ask, in different ways, what allocation follows from a
given preference or priority order. We ask a different question: which procurement score should
generate Green’s priority order when the rival removes assets by the denominator of that score?
The tension between pre-emption and prioritisation also arises in strategic search: Liu and
Wong (2024) study competitors who covertly explore uncertain alternatives under a common

prior, with exploration capacity rather than asset prices constraining their choices.

A second group models an adversary explicitly: green security games and interdiction or
adversarial knapsack problems (Fang et al., 2015; Pferschy et al., 2021; Fischetti et al., 2019;
Caprara et al., 2016; Thakoor et al., 2025), deletion-robust submodular maximisation (Diitting
et al., 2022), and repeated auctions with budget constraints (Gummadi et al., 2012; Amar and
Renegar, 2018). In these settings the rival’s valuation and the focal agent’s cost are generally
distinct objects. The key distinction in our framework is that they coincide: a single coordinate
does double duty, as the rival’s value and as the cost term in Green’s score, so a rule that
economises retreats from precisely the assets the rival takes first. Another difference is that
there the object is the optimal decision, and the adversary is either worst-case or constrained
by a removal capacity. In our analysis the object is the relative performance of the family of

heuristic ranking rules used in practice, with optima serving as benchmarks.?

Each of these literature families yields a characteristic kind of result: ordinal properties of
a protocol, an optimum, a worst-case guarantee. The knapsack reversal is of a different kind,
cardinal and geometric. Cardinal because it turns on the magnitudes of the two values and
not only on their ordering: a benefit—cost ratio is itself a magnitude, and under budgets two
boards with the same rankings but different spreads can reverse which rule wins, which is why
the priced result is asymptotic where the unpriced one is exact. Geometric because each rule
claims a region of the (E, A) plane, and the reversal follows from how those regions overlap

with the region the rival is clearing.

These findings speak to a long-running debate over whether scarce conservation resources
should prioritise biodiversity, threat, a combination, or cost-effectiveness. Early reserve-selection
work emphasised biodiversity value while largely abstracting from threat and cost heterogeneity
(Margules et al., 1988; Faith, 1992); later work advocated high-value, high-risk “hot spot”
targeting (e.g. Abbitt et al., 2000; Newburn et al., 2006; Venter et al., 2014; Allan et al.,
2019); and a cost-aware tradition argued that cheaper or more remote sites can deliver greater
conservation per dollar (Ando et al., 1998; Camm et al., 2002; Watzold and Drechsler, 2005;
Naidoo et al., 2006; Armsworth et al., 2006). Additionality has since become central in carbon
markets, payments for ecosystem services, and impact evaluation (Engel et al., 2008; Aspelund
and Russo, 2026), pushing attention further toward the contested frontier where counterfactual
impact appears highest. Recent global-priority exercises have again emphasised biodiversity-
first approaches (Dinerstein et al., 2017, 2020, 2024), an emphasis for which our results supply a

strategic rationale. Each of these positions is a landmark on the priority axis introduced above,

30ur focus on the modelling object echoes recent work on Markov-perfect equilibria in differential games
(Jaakkola and Wagener, 2026). Although the setting differs from ours, it reinforces the broader point that
frameworks adopted for tractability can obscure economically important features of strategic interaction.



with hot-spot targeting (A = —1) and additionality-driven threat-targeting (A — —o0) on its

pre-emptive side.

The limits of static priority rules are also well understood in adjacent conservation economics:
land-market feedback, slippage, stochastic development, and heterogeneous opportunity costs
make quantities treated as fixed inputs endogenous to other actors (Armsworth et al., 2006; Wu,
2000; Wu et al., 2001; Costello and Polasky, 2004; Ando et al., 1998; Naidoo et al., 2006). A non-
cooperative literature goes further and makes those actors strategic (Angelsen, 2001; Colyvan
et al., 2011; Smith et al., 2019). Adversarial procurement in two-value space combines these
margins: rival actions endogenously reshape the procurer’s opportunity set and may themselves

be strategically chosen.

The remainder of the paper sets out the model (Section 2), proves the Claims- and Budget-
World results (Sections 3-4), and then turns to simulations, strategic diagnostics, and Bo-
livia (Sections 5-7). Section 8 discusses implications and limitations. Appendix A proves the
finite-board Claims theorem; the Online Appendix contains the remaining theory, diagnostics,
robustness exercises, and replication resources. Code is archived on Zenodo (DOI: 10.5281/zen-
0d0.19613421).

2 The Model

2.1 The board and the contest

The focal agent, a conservationist (Green), competes with a rival developer (Farmer) for a finite
set of NV indivisible plots. Plot ¢ has ecological value F; > 0 and agricultural value A; > 0. The

two sides take plots in alternation, with Farmer moving first.

Farmer behaviour is part of the environment Green faces. In the benchmark, Farmer ranks
the remaining plots by A; and takes the highest-A plot at each move—or, in Budget World, the
highest-A plot it can currently afford. Later robustness exercises consider alternative Farmer
behaviours, including pre-emptive and best-responding strategies. Conditional on the Farmer
behaviour under consideration, the paper compares alternative ways for Green to use the two
plot coordinates in setting its own priority order. Each Green rule is evaluated by the ecological

total of the plots it secures.

The structure is stated for conservation, the paper’s running example, but it is general.
Read E as a planner’s value, A as a rival-value coordinate, and the contest as any sequential,

adversarial allocation in which a rival removes assets from the same pool.



2.2 The priority-tilt family

The priority rules we study can be organised as alternative readings of the rival coordinate A.

We parameterise these interpretations by a single dial, the priority-tilt family
Yy(i) = E; A7, A ER,

with plots ranked in descending Y). The exponent A sets how hard Green leans away from or
into the rival’s coordinate: positive A penalises high-A plots, treating rival demand as a cost;
negative A rewards them, pre-empting what the rival is most likely to remove. The formal

comparison starts with two benchmark rules on this dial:

o Ratio-greedy (Max Efficiency, A = 1): rank by E/A, the textbook benefit—cost rule,

which treats high-A plots as expensive and demotes them.

o Value-first (Max Environment, A = 0): rank by F alone, ignoring the rival’s coordinate.

The Claims theorem covers the interval joining them, while the Budget theorems compare the
two benchmarks directly. The dial continues past value-first into active pre-emption, leaning into
A rather than away from it; those rules are taken up in the simulations of Section 5. Throughout,
the benchmark Farmer takes the highest-A feasible plot; the dial varies only Green’s response to

that behaviour. Where the best simple rule sits on this dial is the paper’s organising question.

2.3 Two worlds: free and priced pre-emption

The coordinate A can play two roles. Claims World and Budget World isolate them. In Claims
World, taking a plot is free: each side simply claims plots in turn, with no budget. Here A;
governs the benchmark Farmer removals and no acquisition price enters. Claims World therefore
isolates pure rivalry: how Green should read a coordinate that signals which plots the rival is

most likely to remove.*

In Budget World, the same coordinate that drives Farmer’s removals also sets the price
Green pays, so pre-emption is now priced. While stylised here, this alignment emerges wherever
land prices rise with what a developer will pay to develop it: the coordinate that makes a plot
attractive to develop is the one that makes it expensive to secure. All the analysis requires is
that the acquisition price be increasing in A, so that the plots Farmer takes first are also the
plots Green pays most to secure. Many market structures deliver this; Section 4.1 sets out a

family of them and normalises to the proportional case.

“The role of Claims World here is analytical, but it is not only a limiting case. Conservation is sometimes
secured by regulatory designation rather than purchase: critical habitat designation, protected-area gazettement,
and indigenous territory recognition all constrain development without compensating the landowner, while leaving
the agency to choose where to act. Such instruments generate exactly the rivalry modelled here, since landowners
who anticipate designation have an incentive to develop first (Lueck and Michael, 2003; Langpap and Wu, 2017).



2.4 QOutcome measures and notation

Green’s primitive payoff is its ecological total. In Claims World we write G () for Green’s
ecological total under rule Y) on a board of N plots; in Budget World, where Green acquires
plots by purchase, the analogue is Purchased Conservation (PC), the ecological value of the
plots Green directly buys. The conservation application in Section 5 then separates Purchased
Conservation from the displacement—leakage effect, the conservation value of plots left unde-
veloped when Green’s purchases exhaust Farmer’s budget, and it tracks additionality and a
conditional welfare-loss statistic. Those refinements are defined where they are used; the theory

needs only the ecological total.

The same four rules appear throughout the paper under three sets of names, one for the
prose, one for the figures and simulation output, and one for the displays. The correspondence
is fixed:

A In the text In figures and simulations In displays
1 ratio-greedy Max Efficiency MX

0 value-first Max Environment ME

-1 value-led pre-emption (hot-spot targeting) Hot Spot HS

— —o0  pure threat-targeting Block Farmers Block

Notation. Capitals denote the analytical model and its theorems: FE; and A; are the two
coordinates of plot ¢, and any statistic defined on them inherits the case. Lowercase denotes
the simulation implementation of Section 5 and the appendices, where e; and a; are the realised
values on a drawn board. Subscripts mark quantification over plots and are dropped where a

coordinate modifies a noun, so Farmer ranks by A; and takes the highest-A plot.

3 Free Pre-emption: The Claims-World Reversal

The theorem below concerns boards of even size N = 2K and the value-first-to-ratio-greedy

range A € [0,1].

3.1 The reversal and its geometry

The reversal has a simple geometry, which Figure 1 captures. In (A, E) space, each strategy
prioritises a region of plot characteristics, a “hunting ground.” Farmer’s region is the high-A
right strip. Value-first’s region is the high-E top strip. Ratio-greedy’s region is a wedge in the
upper-left, where E/A is high precisely because A is low. The three regions overlap unequally:
value-first and Farmer overlap in the upper-right, where high-F sites coincide with high-A sites

and contestation is concentrated; ratio-greedy retreats into the uncontested low-A wedge that



Farmer ignores. The reversal is what this geometry implies: ratio-greedy’s apparent efficiency

comes at the cost of abandoning the contested high-value zone.

Strategy hunting grounds in (A, E) space

Value-first (rllnx E)
Ratio-greedy
(max E/A) ratio-greedy
retreats

Ecological value E

Contested zone:
Value-first vs. Farmer

Farmer
(max A)

Value-first: max £
Ratio-greedy: max E/A
Farmer: max A

0.0 0.2 0.4 0.6 0.8 1.0
Agricultural value A

Figure 1: Schematic strategy hunting grounds in (A, FE) space. The dashed box marks the
contested zone where value-first and Farmer compete head-to-head; ratio-greedy retreats into
the uncontested low-A wedge.

The argument is structural and cumulative. As A rises from zero to one, Green’s priority
order changes only at a finite set of score crossings, where two plots swap places in the ranking.
At any crossing that moves the order in the ratio direction, a lower-A, lower-FE plot is promoted
ahead of a higher-A, higher-E plot. Because Farmer takes the highest available A at each
move, the promoted plot is less exposed to Farmer, while the demoted plot is more exposed to
Farmer. Each crossing therefore tilts Green away from contested ecological value and toward
a less-contested but lower-value substitute. Supplemental Figure S6.5 in Appendix S6 depicts

this cumulative logic.

Theorem 3.1 (Finite-board priority-tilt monotonicity). For every generic board with even N

and every fized deterministic tie-breaker, Gn () is weakly decreasing on [0,1]. In particular,
Gn(0) > Gn(1),

so value-first (A = 0) weakly dominates ratio-greedy (A =1).

Proof idea. Appendix A gives the full proof. The key scan lemma rewrites the alternating draft
as a one-pass scan of Green’s priority order: a plot is available precisely when enough higher-A
unprotected plots remain to absorb Farmer’s next move. As A rises, score crossings move lower-
A, lower-FE plots ahead of higher-A, higher-F plots. A threshold-count, or layer-cake, argument
shows that each such score-induced swap weakly lowers Green’s value; finite induction over the

at most (];7 ) crossing times proves the theorem.

The theorem identifies the reversal’s primitive source. Ratio-greedy demotes exactly the

plots Farmer is most likely to remove; value-first does not. Thus the ratio rule reads the threat
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coordinate with the wrong sign, treating as mere expense what is also a signal of urgency. The
result is pathwise and distribution-free for the max-A Farmer rule. It assumes a mechanical

rival, however, and the obvious question is whether a strategic one escapes it.

3.2 Robustness to a strategic rival

The max-A Farmer in Theorem 3.1 is a fixed priority rule: it applies the agricultural ranking
mechanically at every move. To ask whether the result depends on that predictability, we
replace the fixed rule with a best-responding Farmer built from the same plot values. Green
still commits ex ante to a deterministic priority order, but Farmer now chooses its acquisition
sequence by backward induction to maximise the total agricultural value ) ;. A; of its terminal
portfolio. It may therefore secure an endangered lower-A plot before a safer higher- A plot when
doing so increases the value it ultimately acquires. The two Farmer specifications differ in

strategic foresight, not in the underlying agricultural-value coordinate.

This is a commitment—follower game. Green’s priority rule is fixed throughout play; Farmer
remains the first mover in the alternating game and chooses optimally at every subsequent
history. In game-theoretic terms, Farmer plays a subgame-perfect best response to Green’s
commitment (the two-sided joint SPE is studied in Section 6). One might expect Farmer’s
strategic reordering to undo the mechanical-rival result. It does not: the entire value-first-to-

ratio-greedy ordering survives.

Call a board SPE-generic if it is generic in the sense defined in Appendix A and no two

distinct subsets of X have the same total A-value.

Theorem 3.2 (Claims priority-tilt monotonicity against an SPE-best-responding Farmer). Fiz
an SPE-generic Claims-World board with even size N = 2K, positive values Ay, E, > 0, and
a strict exogenous tie-break order. For each \ € [0,1], let Green commit to the deterministic

priority order induced by
Ya(z) = Bz AL,

breaking score ties by the fixed tie-breaker. Farmer mowves first and plays a subgame-perfect best
response in the finite game induced by this committed Green rule, mazimising its own terminal
payoff Y per Az. Let GRE(X) denote Green’s realised ecological payoff. Then GR(N) is weakly

decreasing on [0, 1]. In particular,
GRY(0) = GRE(D),

so value-first weakly dominates ratio-greedy against an SPE-best-responding Farmer.

The proof is in Appendix S3. The key step is a fixed-order reduction. For a committed Green

order o, a terminal Farmer set F' is attainable if and only if every priority prefix satisfies

m
IFAPY| < [2] .
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Thus Farmer’s backward-induction problem collapses to a maximum-A basis problem in a prefix-
laminar matroid. As A increases, the Green order changes by adjacent crossings. At each
crossing, the Farmer’s maximum-A basis either stays fixed or exchanges a later, lower-FE plot
for an earlier, higher-E plot, so Farmer’s captured ecological value weakly rises and Green’s
payoff weakly falls. Iterating over the finite set of crossings proves Theorem 3.2 and closes the
most direct strategic-rival objection to the finite-board theorem. Note that the result lives on
the value-first-to-ratio-greedy interval A € [0, 1]: we analyze the off-interval rules that pre-empt
more aggressively than value-first in the computational and equilibrium analyses in sections 5
and 6.

4 Priced Pre-emption: The Budget-World Reversal

The free claiming framework analysed above removes prices, but it does not make Green’s
problem obvious. What Green takes now changes what Farmer takes next, and therefore what
will remain available later. Passing over the highest-E plot today could in principle improve
Green’s eventual portfolio by changing Farmer’s path; indeed, the later analysis shows that
active pre-emption can sometimes beat value-first. The Claims Theorems 3.1 and 3.2 establish
a sharper asymmetry: moving the other way, toward ratio-greedy’s low-A, less-contested plots,
never helps. When A signals which plots are most exposed to removal, dividing by A treats
urgency as a reason to wait. Budget World then gives A a genuine second meaning as price.
Ratio-greedy now saves money, but too late: Farmer has already removed the contested high-

value plots, and the cheap plots left behind cannot make up the loss.

4.1 The Budget game

Section 2.3 required only that the acquisition price rise with the developer’s value. A family
of simple market structures delivers this. Let A; be the surplus from developing plot i, net
of non-land costs and before payment. The developer’s return rises with A (i) when the price

captures a fixed share of the surplus (the linear model),
m=(1-0)4,  6€(0,1)

(ii) when the price captures a share that falls with scale, so that prime or larger parcels capitalise

proportionally less (the power model),
mi = (1= 6(A)) A, 6(-) decreasing;

or (iii) when each project carries a fixed set-up cost that larger acquisitions cover more easily
(the fized-cost model),
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In all three specifications, higher- A plots yield greater absolute developer returns and cost
Green more, making max-A the natural Rival-Blind benchmark. Under the linear specification,
however, return per acquisition dollar is constant, so budget-exhausting portfolios need not be
unique; power curvature and fixed cost remove this indeterminacy. We normalise the formal

analysis to the proportional case, working in monetary units in which plot ¢ costs A;.

Each side holds a fixed acquisition budget, calibrated as a share of the board’s total nor-

malised price:
N N

B%:SZAi, B%:(l_s)ZAw
i=1 i=1

with budget parity s = 1/2 as the baseline. Green and Farmer purchase in alternation subject
to their remaining budgets. Note that Farmer’s budget sets how long the contested phase lasts,
and it is during that phase that value-first earns its lead. Parity is therefore a conservative
calibration for the empirically relevant case, since conservation budgets are typically small
beside agricultural capital, and a better-funded development sector lengthens the contested

phase.

The formal Budget theorems condition on the proportional-price version of this benchmark—
the Rival-Blind max-A Farmer of Section 2.2, whose removal rule does not forecast Green’s
future purchases. Section 6 evaluates the same Green rankings against the forward-looking, best-

responding Farmer introduced in Section 3.2, under the linear, power, and fixed-cost objectives.

4.2 Self-hedging and asymptotic dominance

Pricing adds a second force on top of rivalry, self-hedging. When the Farmer removes a high- A
plot Green would otherwise have bought, Green loses that ecological value but is spared its high
price and keeps the budget to spend elsewhere. For value-first this relief is aligned with the
contested frontier it is fighting over; ratio-greedy, having already retreated to the cheap low-A
corridor, has little left to redeploy. The comparison is therefore integral rather than pointwise:
ratio-greedy can recover later and may shop longer, but it does not recover enough to erase the

loss it takes during the contested phase. Figure 2 traces this cumulative logic.

The asymptotic theorems are stated for Purchased Conservation under full leakage, so the
advantage is not a residual-crediting or displacement result: value-first wins on the ecological
value of the plots it directly purchases. The max-A Farmer structure is load-bearing for the
proofs because it yields tractable frontiers and budget paths; the simulations of Section 5 show
the same qualitative reversal under more aggressive heuristic rivals, while the SPE diagnostics in
Section 6 show that value-first remains above ratio-greedy against best-responding rivals, with

a wider gap under the regularised power and fixed-cost objectives than at the linear boundary.
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Figure 2: Logic of the asymptotic dominance result. Top panel: average ecological value of the
plot purchased at each normalised turn under Max Environment (ME) and Max Efficiency (MX)
in the baseline Budget World benchmark. Bottom panel: cumulative Purchased Conservation
gap, (PCME—PCMX) /N. Vertical markers: prefix share m = 0.10; Farmer exhaustion 7 ~ 0.305
in the fluid limit. Baseline p = 0, N = 2000, 3000 replications.

The theorem below delivers a single number: under independence, the normalised gap in
Purchased Conservation between value-first and ratio-greedy converges to a strictly positive
constant rather than vanishing as the board grows. The two Farmer-exhaustion shares and the

fluid-limit survivor functions it defines are the machinery that pins that constant down.

Theorem 4.1 (Asymptotic dominance under independence). Consider Budget World with
budget parity, a Rival-Blind Farmer who moves first, full leakage L = 1,° and i.4.d. draws
(E;, A;) ~ U[0.1,102 with E; L A;. Let ¢ be the MX Farmer-ethaustion share, defined by
f11_¢ Qa(v)dv = pa/2, and let 7 be the ME Farmer-exhaustion share, defined by Sp(T) = pa/2
in the fluid limit, where the fluid-limit survivor functions are Sp(s) = 0.1s+3.3{1 — (1 —2s)%/2}
and Sg(s) = 0.1s 4+ 1.65{1 — (1 — 25)3/2}. Then

1
lim N]E[PC%E ~ PCNY| = g — Sa(r) ~ 0.2161 > 0.

N—oo

Proof roadmap. The argument converts both dynamic purchase paths into limiting regions of
the (E, A) plane. Let gr = Q4(1 — ¢) be the agricultural-value threshold at which Farmer’s
half-budget is exhausted. Under ratio-greedy, a safe-frontier argument shows that, apart from
op(IN) boundary plots, Green eventually buys the complementary low-A block {A < gr}. Inde-
pendence therefore gives N“'PCXX — E[F1{A < qr}] = pup(l — ¢).

Under value-first, Green eventually purchases all but the ecological mass Farmer captures.
During the Farmer-active phase, the max-A and max-F frontiers have tail masses u(s) and
v(s).

5Both asymptotic Budget-World theorems use full leakage. Extending the proof to L < 1 requires modelling
the integer budget-burn process and its interaction with move order; the simulations of section 5 suggest the
reversal persists across L € {0,0.25,0.5,0.75,1}.

Independence and identical marginals make their fluid paths symmetric, u(s) = v(s) =
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1 — /1 — 2s. Integrating price along that path yields Sr(s) and Sg(s) and pins down Farmer
exhaustion at Sp(7) = pa/2. The same symmetry makes Farmer’s ecological capture equal
Green’s agricultural spend, so N~'PCNE — 1 — Sg(7). Subtracting produces the shielding
identity A(0) = pugpd — Sa(7): the gap is the ecological mass of the contested high-A block
that value-first shields from Farmer, rather than a residual-crediting gain. Bounded martingale
aggregation removes turn-level noise, and affordability and stopping-time bounds leave only
op(IN) endpoint plots; bounded values then upgrade convergence to convergence of expectations.
Appendix S1.5 supplies these steps and the interval-certified inequality 0.216133 < A(0) <
0.216137.

Theorem 4.2 (Asymptotic dominance and correlation monotonicity on [0,0.3]). Under the
same conditions but with (E;, A;) drawn from a Gaussian copula with latent correlation p and
uniform marginals on [0.1,10], the asymptotic ME-MX gap
Alp) = Jim —E[PCNE - PCY]
N—oo N

exists for every p € [0,0.3], coincides with the diagonal-shielding gap of Appendiz S1.8, and is

strictly increasing on [0,0.3], with
A0.3) = 0.293565... > A(0) = 0.216135... > 0.

In particular the value-first advantage grows monotonically with ecological-agricultural correla-

tion across the empirically relevant range.

The proof is in Appendix S1.8. The latent F-A symmetry that drives the baseline no longer
holds, but the value-first frontier collapses onto the diagonal in latent coordinates: Farmer’s
ecological capture becomes a cost-pinned diagonal wedge, and the gap is a cost-equal exchange
across that diagonal, nonnegative because the diagonal is exactly the £ = A contour. A uniform
ratio-reservoir argument (Appendix S1.7) identifies this exchange with the realised ME-MX gap
at every p € [0, 0.3]; its exact value and monotonicity are certified by verified interval arithmetic,

strengthening the earlier frontier/Picard certificate (retained as an independent cross-check).

4.3 Boundaries of the Budget-World reversal

Universal dominance does not hold in arbitrary finite Budget-World instances.

Proposition 4.3 (No universal finite-instance dominance in the equal-budget procurement
game). In the finite discrete equal-budget procurement game, even with Rival-Blind Farmers,
equal budgets, full observability, and full leakage, neither MAX ENVIRONMENT nor MAX EFFI-

CIENCY weakly dominates the other on Purchased Conservation over all instances.

Proof. Appendix S1.2 gives two constructive examples. ]

The counterexamples rely on tight-budget mechanisms in which a single asset can exhaust

the budget. Under the baseline sampling scheme the budget concentration ratio x(N), the
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share of Green’s budget consumed by the single most expensive plot, shrinks like O,(1/N)
(Appendix S1.10). This does not imply finite-N dominance, but it explains why tiny-grid
reversals disappear in larger benchmark simulations and why the Bolivian case study, with

N =390 and k = 0.01, lies deep in the asymptotic regime.

A second boundary concerns selection rather than budgets. The theorems fix uniform
marginals, under which value-first and ratio-greedy buy visibly different portfolios; the rever-
sal’s reach beyond those marginals rests on that difference persisting. Probing the proof’s edge
cases isolates the operative margin, how far the ecologically best sites outrank the ratio-best
ones in ecological value: the current architecture certifies the reversal while that margin stays
above roughly 15%, and it can fail once ecological values are compressed enough that the two
rankings nearly coincide. Section 5.4 formalises this margin as the ecological selection premium

and traces the reversal’s strength against it.

5 Large-Board Simulations

The theory tells us what must happen in clean benchmark cases; the next two sections provide
complementary computational evidence beyond them. This section uses large-board Monte
Carlo simulations (N = 100), far beyond the range of backward induction, to trace outcomes
through time and compare the landmark priority rules across varying leakage rates and against
rivals with different degrees of pre-emption. Section 6 trades scale for strategic depth: on
smaller boards it solves the game by backward induction, sweeps the full priority-tilt family,
and compares fixed rules with best-response and joint-SPE play. Together, the exercises show
whether the reversal survives both larger-scale interaction and strategic response, locate the

best simple rule, and identify where the mechanism strengthens, weakens, or changes form.

5.1 Framework

Let P = {p;}Y, denote the plots, with environmental value e; > 0 and agricultural value
a; > 0. Farmers rank by a; and Greens by the priority rule under consideration. The baseline

uses N = 100 with no spatial adjacency.

Values are drawn from a Gaussian copula with uniform marginals on [0.1, 10]. For each plot,

i 1
(2. Za.i) Nd/\/<0, l TD L e =014+99B(z),  a;=0.1+9.90(zqy).
p

The uniform-marginal Gaussian copula provides a transparent common benchmark; the large-
board comparative statics in Section 5.4 vary correlation and ecological dispersion, while the

exact Claims-World diagnostics in Section 6 cover 17 distribution classes.

The baseline sets p = 0; the monotone transformations make p an index of rank depen-
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dence.’ Each team receives N/2 claims over 50 alternating rounds, with Farmers moving first—
the conservative ordering for value-first—and all deterministic rules share a fixed tie-breaker.

Appendix S4 gives implementation details and the unequal-power robustness check.

5.1.1 Leakage

Leakage measures how fully Farmers re-target after Greens pre-empt plots in the Farmer’s fixed
business-as-usual set SJ]?’AU. Empirical estimates vary widely, so we sweep rather than calibrate
it (Silva and Nunes, 2025; Moffette and Gibbs, 2021; Searchinger et al., 2018).

Let L € [0,1] denote the leakage rate. Each time Green claims a plot in S]]?AU, the Farmer’s
remaining claim capacity is reduced by 1 — L, implemented by a cumulative burn counter: each
integer unit of accumulated burn cancels one unspent Farmer claim. Thus L = 1 is full leakage
and implies no claim cancellation; L = 0 is no leakage and implies one cancelled Farmer claim
for each BAU plot captured by Green. We report L € {1,0.75,0.5,0.25,0}.

The game ends when effective claim stocks or eligible plots are exhausted. If L < 1, pre-

emption may leave residual plots unclaimed; these are treated as undeveloped below.

5.1.2 Farmer Behaviour

The Rival-Blind Farmer claims the available plot with highest a. The Rival-Aware heuristic
first takes the highest-a plot among the plots most at risk of being claimed by Green, the top
Cy/N share by e, then reverts to descending a. The rule is a pre-emptive heuristic, not an
optimal-play solution, capturing behaviour of the kind documented when landowners anticipate
conservation restrictions (Lueck and Michael, 2003; Langpap and Wu, 2017). Appendix 54 gives

the exact rule.

5.1.3 Conservation Strategies

Each simulation fixes one Green rule, applied to the plots remaining after Farmer moves. The
rules are landmarks on the priority-tilt family of Section 2.2, implemented on the drawn board
as Yy = €; a; A and now including the pre-emptive side of the dial that the theory set aside: Max
Environment ranks by e;, Max Efficiency by e;/a;, Hot Spot by e; a;, and Block Farmers by a;.
Hot Spot is the interior pre-emptive rule, leaning into the rival’s coordinate while keeping an
ecological criterion; Block Farmers mirrors the Farmer with none. Max Efficiency is studied as a
priced rule in Budget World (Section 5.3). Two reference rules bound the comparison: Maximise

Difference (arg max;(e; — a;)) and Random protection (uniform draws over the available plots).

5The positive-correlation benchmark p = 0.3 is proved in Theorem 4.2, swept in Figure 5, and closely matched
by Bolivia. Appendix S2 reports broader SPE diagnostics.
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5.1.4 Baseline Outcomes

All Farmer-Green combinations run on the same 500 independently drawn boards. Write S
and S, for the terminal allocations and U'i"al = P\ (S; U S,).

Final Conservation. Final conservation credits Green’s claimed plots and any residual

Conal = > €+ Y e

piESg pieUﬁnal

plots left undeveloped:

This decomposes into a Pure Strategy Effect and a Displacement—Leakage Effect,

Ctna = PSE+DLE,  PSE= ) e, DLE= Y e

piESg pieUﬁnal

PSE is the quality Green directly secures; DLE is residual credit when pre-emption and incom-

plete leakage leave plots undeveloped. Residuals are credited only at the end of trajectories.

Additionality. Let SgBAU be the set Green would hold in the no-interference allocation in
which Farmers claim S]]?AU. Final additionality is Cfnal — Cau, where Cpau = -, ¢ SBAU €.
Since residual plots are typically outside S]}?AU, residual crediting creates a visible final jump in

conservation trajectories but much less movement in additionality.

Welfare-Loss Statistic. The value-maximising assignment gives each plot to its higher-
value use: Wpax = Zpie pmax{e;,a;}. Under the final residual-crediting convention, the
realised total is Wactual = Xop,e s i + Zpiesgu(]ﬁnal e;, and the reported percentage loss is
100 - (Wiax — Wactual)/Wmax- When e; and a; are commensurable net social values, this is a
standard social-welfare loss. More generally, it is a two-value assignment-loss statistic; we retain
the shorter label “welfare loss” in figures and discussion with that conditional interpretation

understood.

5.2 Claims World

With equal claim endowments and corr(e,a) = 0, the baseline compares Green rules across

leakage. Section 6 and Appendix 52 examine exact best responses and the joint-SPE benchmark.

5.2.1 Conservation outcomes of Green strategies

We first examine total conservation, the sum of environmental values in conserved plots. Fig-
ure 3 reports final scores for all five Green strategies under both Farmer types, with 95%
confidence intervals. As leakage falls, Farmers lose the ability to replace BAU plots captured
by Greens, and residual unclaimed plots at the end are assigned to conservation; final conser-
vation therefore rises. Figures 3(c) and 3(d) report the corresponding dynamic trajectories for
the three primary strategies, illustrating both the PSE/DLE decomposition and how Farmer’s

removals progressively thin the high-a frontier; PSE (directly secured conservation) is plotted
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in rounds 1-49 and the DLE is credited only in the final round. Table S5.1 in Appendix S5
reports exact final scores and their PSE/DLE decomposition at leakage levels of 0%, 50%, and
100%.

Final Conservation vs Leakage — Claims — Farmer=rival-blind Final Conservation vs Leakage — Claims — Farmer=rival-aware

Final Conservation
S

150 —e— max_diff .
—e— random

100 75 25 o 100 7 25 0

50 50
Leakage (%) Leakage (%)

(a) Rival-Blind: Final Conservation (b) Rival-Aware: Final Conserva-
tion

Dynamic Conservation — Claims — Farmer=rival-blind Dynamic Conservation — Claims — Farmer=rival-aware

s
400 Strategy h Strategy
—— max_env B —— max_env
350 hot_spot hot_spot
—— block_farmers — block_farmers

300 i 250

g0 g _~ § 200

AL

200 - §
g 150
© 150 ©
100
100
Leakage Leakage
50 —100% 50 —100%
e i
— 0% — 0%
o o
Round (curves = purchased path; final dot shows incl. DLE) Round (curves = purchased path; final dot shows incl. DLE)
(c) Rival-Blind: Conservation Tra- (d) Rival-Aware: Conservation Tra-
jectories jectories

Figure 3: Claims World: Final Conservation Scores and Dynamic Trajectories by Leakage

Rival-Blind max-A Farmers. Against Rival-Blind Farmers, Hot Spot attains the highest
final conservation at all leakage levels; Max Environment is second except at the very lowest
leakage. The trajectories clarify why: Maxz Environment delivers higher PSE early by focusing
solely on environmental value. Hot Spot initially sacrifices some PSE to block development on
high-agricultural /high-environmental plots, but later reaps gains by securing sites otherwise lost
to development; by the final rounds, its PSE surpasses Maz Environment, with DLE adding a

smaller extra margin.

By contrast, Block Farmers yields the lowest final conservation of the three main strategies,
except at the zero leakage where it exceeds Max Environment, but only through DLE as its
PSE remains substantially lower, with Hot Spot dominating it on final scores. Ranking only on
a lets Farmer shape Green’s selection set, so threat-targeting fails on selection quality as well

as leakage. At full leakage and corr(e,a) = 0, Block Farmers performs no better than Random.

Rival-Aware pre-empting Farmers. Against a pre-empting rival Maz Environment strictly
dominates final conservation across leakage, while Block Farmers is dominated even by Random
(Table S5.1; Figure 3(b)). When Farmers also target high-e plots, deviating from environment-
first risks losing them, giving Max Environment the strongest PSE and DLE.
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5.2.2 Additionality of Green strategies

Because the BAU benchmark is strategy-invariant, the final additionality pattern mirrors that
of final conservation; its dynamic trajectories lack the last-round jump because residual plots are
almost never BAU (Appendix 5S6). Thus Block Farmers achieves essentially no additionality at
high leakage; performing no better than Random at full leakage. Under rivalry, threat-weighting
and additionality are not interchangeable because selection quality fails and re-targeting erodes

gains.

5.2.3 The Welfare-Loss Statistic

Finally, we examine the welfare-loss statistic defined above: the shortfall from the maximum
attainable two-value score when each plot is assigned to its higher-value use. The statistic rises
(so conditional welfare falls) whenever Greens claim (’flip’) a plot with a; > e;, or Farmers
claim a plot with e; > a;; the difference between the two values determines the magnitude of
the assignment loss. Supplemental Figure S6.3 reports the final welfare-loss statistic for all five
Green strategies under both Farmer types; the corresponding dynamic trajectories are reported

in the same appendix (Appendix S6).

Under both Farmer behaviours, Maz Environment yields the lowest welfare-loss statistic
and Block Farmers the highest. Counterintuitively, the strategies with the lowest welfare loss
(Max Environment and, to a slightly lesser extent, Hot Spot) display increasing welfare loss as
leakage falls: successful BAU flips leave a more agricultural opportunity set, while DLE can
credit residual plots whose higher value lies in agriculture. Appendix S6 reports the full static

and dynamic patterns.

5.3 Budget World

Budget World adds budgets and prices a;: each side buys affordable plots in alternation until
neither can continue, while leakage determines how much of Farmer’s purchasing capacity is
lost when Green pre-empts an intended plot. We now also include Max Efficiency, e;/a;, the
cost-effectiveness rule. We distinguish Purchased Conservation (PC) from total conservation
(that includes DLE), reported under budget parity. Farmer behaviour mirrors Claims World,
with affordability as the only conceptual adaptation. Rival-Blind buys the highest-a affordable
plot; Rival-Aware first targets high-e plots that a value-first Green could afford, then reverts to
descending a. Appendix S1.1 gives the budget calibration, leakage update, and exact purchase

rules.

Budget World: Conservation outcomes

Figure 4 shows that the core Claims World patterns carry through to the paper’s benchmark

Budget World exercises. Hot Spot strategies deliver higher total conservation against Rival-
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Blind Farmers by capturing BAU plots and securing more DLE, but purchased conservation
declines as leakage falls. Against Rival-Aware Farmers, Maz Environment performs best on
both total and purchased conservation outcomes (the corresponding dynamic trajectories are

reported in Appendix S7).

More importantly, the knapsack reversal: Max Environment beats Max Efficiency in es-
sentially every replication and at every leakage level, with approximately parallel Purchased
Conservation curves across L. The reversal is therefore driven mainly by selection rather than

residual crediting.
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Figure 4: Budget World: Final and Purchased Conservation Scores by Leakage

Budget World: Welfare-loss statistic

The Claims-World welfare-loss pattern persists: Max Environment performs the best with the
lowest welfare-loss statistic, Hot Spot is close, and both strategies’ loss can rise as leakage falls.

Block Farmers performs poorly, Appendix S7 reports final, purchased, and dynamic results.

5.4 Comparative statics: when the reversal is amplified or attenuated

The simulations to this point establish that the reversal is robust: it holds across all leakage lev-
els and against both Rival-Blind and Rival-Aware Farmers. Its magnitude, by contrast, turns on
two selection-side features of the joint distribution of (E, A): correlation, which determines how

strongly rival demand tracks ecological value, and ecological heterogeneity, which determines



21

whether value-first and ratio-greedy select meaningfully different portfolios.

5.4.1 Correlation amplification

Positive correlation amplifies the wedge: high-ratio sites increasingly come from the residual-
cheapness corridor rather than the high-F, high-A frontier. The top-E minus top-E /A portfolio
gap rises from 0.219 at baseline to 0.309 at p = 0.3. Theorem 4.2 proves amplification on [0, 0.3];

simulations peak near p ~ 0.7 before attenuating (Figure 5).

Peak
=07, gap =0.350)

Normalized PC gap

00 ; 95% CI
—o— Simulated N~}(PCVE — PC¥)
A__ Theory anchor

0 0.2 0.29 0.4 0.6 0.8 1.0
Latent correlation p

Figure 5: Normalised Purchased Conservation gap N1 (PCME — PCYX) as a function of latent
correlation p. Triangles mark the theory anchors at p = 0 and p = 0.3; the dashed line marks
Bolivia’s estimated p ~ 0.29.

A second force eventually offsets this amplification: as p becomes large, Farmer’s high-A
deletions become increasingly ecologically damaging to value-first itself. The two forces balance

near p ~ 0.7.

The policy implication is that static cost-effectiveness mandates are most counterproductive

on contested landscapes where ecological and agricultural values are positively aligned.

5.4.2 The ecological selection premium

The reversal requires the two rules to select measurably different ecological portfolios. When
ecological values are nearly homogeneous, top-E and top-FE /A portfolios become similar and the
reversal disappears. We summarise the selection-side requirement by the ecological selection
premium
Etop—E - Etop—E/A

HE '

Large ESP means value-first has a quality advantage to exploit during the contested phase;

ESP =

small ESP means ratio-greedy’s portfolio is too similar for the reversal to bite. Compressed-FE
simulations show the reversal whenever ESP exceeds roughly 12.5% (equivalently, the unnor-
malised top-F minus top-E/A portfolio-mean gap is about 12.5% of ug), while the current
proof architecture requires about 15%. ESP is about 53% on the baseline grids and is well
above the diagnostic threshold on the Bolivian landscape (22.7% on the index board, 74.3% on

cardinal PU means), making it a practical diagnostic for when the knapsack reversal is likely
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to be relevant.

6 The Priority-Tilt Sweep and Strategic Rivals

Section 3.2 proved that the Claims World knapsack reversal is not an artefact of the mechanical
rival: value-first still weakly dominates ratio-greedy when the Farmer best-responds to Green’s
committed rule. We now extend the strategic comparison in two directions. First, we sweep the
rest of the priority-tilt family in Claims World. Second, and central to the priced-procurement
result, we repeat the commitment and joint-SPE comparisons in Budget World under three
alternative developer microfoundations: linear, power, and fixed-cost objectives. The section
therefore moves from a Claims-World robustness test to a strategic-rival test of the priced

mechanism.

The SPE diagnostics examine two patterns: first, how each Green heuristic performs when
Farmer strategically best-responds to Green’s rule; and second, how best-response Green play
against best-response Farmer, in other words non-commitment joint-SPE play, compares to each
Green heuristic strategy. We run two distinct exercises corresponding to these two questions.
The first is a Stackelberg analysis with strategic Farmer where we compute Farmer’s subgame-
perfect best response to each fixed Green priority rule. Following the Stackelberg convention,
we call Green the leader (it commits to a priority rule) and Farmer the follower, who best-
responds to that commitment, noting that these terms refer to the order of commitment, not
the order of play, which remains the same (Farmer moves first). The second exercise is a two-
sided SPE where we restore two-sided strategic play and compute the genuine joint subgame-
perfect equilibrium in which both players best-respond by backward induction. We then use
this joint SPE as a benchmark for fixed-rule performance. For the Claims follower exercise, the
battery covers N € {4,6,8,10,12,14,16}, 17 distribution classes, and 238,000 unique boards,
each evaluated under each fixed Green rule; Appendix S2 reports the full results. The Budget-
SPE and joint-SPE diagnostics below use targeted continuous batteries designed to isolate the

priced-pre-emption and efficiency-ratio questions.

The first diagnostic is the Stackelberg analysis: for each fixed Green priority rule, we compute
Farmer’s subgame-perfect best response by backward induction and record Green’s resulting
payoff. On the proved range A € [0, 1], the priority-tilt monotonicity pattern has zero violations:
value-first weakly dominates ratio-greedy on every tested board, even though Farmer’s best-
response behaviour often differs from max-A. Extending the sweep to negative A shows that
payoff is maximised around Hot Spot, Y = EA. Pre-emption pays here through a different
channel than against a mechanical rival, whose ranking is fixed: a best-responding Farmer
reoptimises, so the commitment to contest the high-value frontier changes which plots it wants
in the first place. Thus the gain is not from threat-targeting per se: Block Farmers, Y = A,
performs poorly because it abandons ecological discipline, so overall the lesson is one of value-led

pre-emption.
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The second diagnostic compares fixed rules to non-commitment joint-SPE Green. We sum-
marise each fixed rule by its efficiency: Green’s payoff under the committed rule relative to
the non-commitment joint-SPE payoff on the same board, objective-specific in Budget World.
Because a committed rule can beat non-commitment play, efficiency may exceed one. Value-
first is the closest behavioural approximation to joint-SPE Green: it has the highest first-action
match, position-wise match, and final-set overlap. Hot Spot is less behaviourally similar but has
the highest mean payoff as a fixed commitment rule against an SPE-best-responding Farmer,
earning about 100.6% of non-commitment joint-SPE Green’s payoff on average, against 94.5%
for value-first, since committing to protect high-F, high-A plots changes Farmer’s continuation
incentives. Supplemental Figure S2.1 illustrates this separation: value-first lies furthest right in

behavioural resemblance, while Hot Spot lies highest in payoff.

The geometry of the mechanism in Claims World is defined by the four core rules. Ratio-
greedy, E'/A, under-pre-empts: it treats rival demand as a cost and retreats from contested
value. Block Farmers, A, over-pre-empts: it chases the rival without ecological discipline. Value-
first, F, is the closest simple rule to joint-SPE behaviour. Hot Spot, F A, is the strongest simple
fixed-rule commitment in the Claims SPE battery, because with no prices the threat coordinate
is unpriced and explicit pre-emption adds value. The Claims-World curve in Figure 6 traces this
geometry along the priority-tilt axis: efficiency rises from the ratio-greedy and Block extremes

to an interior peak at Hot Spot.

Turning now to SPE analysis in Budget World, we note again that the mechanical Farmer’s
max-A benchmark priority rule of Section 4.1 is consistent with any of the market structures
introduced there; in each the developer’s return rises with A. By definition, however, a strategic
developer maximises an objective function rather than following a priority rule, and the three
market structures imply distinct objectives that differ in how fast the developer’s return rises
per dollar spent. Under the linear model the return per dollar is the same on every plot, so any
way of exhausting the budget is equally good and the developer’s portfolio is left undetermined.
The power model raises the return per dollar smoothly with scale, concentrating the budget on
the highest-A plots by a continuous margin and pinning down a determinate strategic portfolio.
In the fized-cost model the return is also increasing in A, but the fixed charge works through
a discrete margin—the number of projects—rewarding fewer, larger acquisitions. We take the
smooth power model as our benchmark strategic developer; it is the single-parameter case that
departs least from the constant-return boundary and builds in no particular project size. For

robustness we report the fixed-cost model and the linear boundary alongside it.

Pricing the threat coordinate tempers fixed-rule pre-emption against a best-responding rival,
but does not fully remove its value. Under the linear boundary, where return per dollar is
flat, the best committed rule sits at value-first. Under the two regularised objectives (power
curvature and fixed cost) the best rule sits in a broad, moderately pre-emptive region interior
to the family, where the best commitment reaches about 97% efficiency under power curvature
and about 98% under the fixed cost (against roughly 95%-97% for value-first and 93%—-94% for

ratio-greedy, up from about nine tenths at the linear boundary). Efficiency ratios are optimistic
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Priority-tilt commitments against a strategic Farmer

Green payoff relative to objective-specific
non-commitment joint SPE

Block Hot Spot -0.5 Value-first 0.5 Ratio-greedy
A EA E EIA

Priority tilt A in Yy = EA~* (Block shown separately at left)

—e— Claims: all monotone Farmer payoffs ~— — Budget: power curvature
Budget: linear boundary «+# - Budget: fixed project cost

Figure 6: Priority-tilt commitments against an SPE-best-responding Farmer across the Y, =
EA~ continuum, with the A-only Block rule shown separately at left. Vertical axis: Green’s
payoff under the committed rule relative to the objective-specific non-commitment joint-SPE
payoff on the same board. Means over 500 boards, N = 16, p = 0. Ratios can exceed one
because commitment has strategic value. Anchor values in Appendix Table 52.7.

on very small boards and settle by N ~ 12-16, so the N = 16 diagnostics are representative
rather than an artefact of exact computation on tiny grids. Unlike Claims World, where free
pre-emption let a Hot Spot commitment exceed the benchmark, a priced commitment earns
no premium over non-commitment play so every peak lies below one. Compressed ecological
values and strong anti-concordance are scope boundaries, so the result is typical-board rather
than universal; a tight-budget board can reverse it (Appendix 52.8). Most importantly, the
reversal is intact across all three objectives, value-led scoring beating ratio-greedy along the
whole family, and Block, which targets threat with no ecological content, is the weakest rule in

every game.

Value-first most often reproduces the joint-SPE terminal allocation, yet the moderately pre-
emptive rule earns the higher committed payoff. The advantage of commitment therefore comes
from changing Farmer’s incentives rather than from imitating optimal play, and capturing it
means pre-empting further than value-first while still ranking primarily on ecological value.
Because payoffs are nearly flat across that region, we read the result as a direction toward

moderate value-led pre-emption.

These commitment results carry a caveat. Efficiency above one arises only under free claim-
ing, and it requires Green’s rule to be both credible and observed, a strong assumption not
least for any agency whose budget and mandate shift with political cycles. Fortunately the
reversal does not require it: value-first beats ratio-greedy against a rival that ignores Green’s

rule (Theorem 3.1) and against one that best-responds to it (Theorem 3.2).

Together, the two worlds pin down the lesson against a best-responding rival. Figure 6 shows
the best commitment shifting from Hot Spot under free pre-emption toward value-first once it
is priced: to value-first at the linear boundary and to a moderately pre-emptive interior under
regularisation. In both worlds the naive extremes fall away. The unifying axis is free versus

priced pre-emption, not predictable versus strategic rivals.
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7 Empirical Case Study: Conservation Strategies in Bolivia

The simulations and formal theory above are built on stylised grids. Bolivia takes the framework
to a real national landscape, built from high-resolution biophysical data rather than drawn from
a distribution, to show the patterns are meaningful on field data and to put a magnitude on

the knapsack reversal.

With extraordinary biodiversity and significant pressure for economic development, Bolivia’s
history of conservation efforts also illustrates the adversarial dynamics that the framework
formalises. From the creation of Sajama National Park in the 1930s to the wave of protected-
area expansion following the 1992 Rio Earth Summit, recent estimates place the land under some
form of protected or conservation status at more than one third of the national territory (SDSN
Bolivia, 2025). The country’s conservation landscape reflects a continuous contest between pro-
development interests (agribusiness, extractive industries, infrastructure) and pressures from
civil society and international norms. Protected areas once located in remote regions are now
increasingly exposed by new roads, oil exploration, and agricultural shifts, illustrating how the
leakage and displacement dynamics studied in this paper play out across decades of conservation

policy.

Appendix S10 provides a short history of protected areas in Bolivia and describes the con-
struction of our high-resolution country-wide dataset of the potential annual dollar values per
hectare (USD/ha/year) from both conservation and agriculture (Andersen et al., 2023, 2025).
Appendix 510.2 then constructs a time series (in 5-year increments) of the relative environmen-
tal and agricultural quality and extent of land newly converted to both protected and developed
areas, allowing us to examine historical patterns in land allocation through the lens of our theo-
retical framework. The subsection below uses these data to transplant the Budget World contest

onto the actual geography of Bolivia.

7.1 Constructing the Bolivian board

To move the analysis from a stylised grid to a real landscape, we partition Bolivia into 390
hydrologically coherent Planning Units (PUs) and assign each PU a composite environmental

)

score SJ(-e and agricultural score SJ(-CL), both normalised to [0, 1] on the basis of high-resolution
biophysical and economic raster data (Appendix S10 gives the full construction). Figure 7
displays the resulting board, overlaid with the 2024 extent of actual Protected Areas (panel
a), together with the spatial distribution of agricultural (panel b) and environmental (panel c)
values. The Bolivian landscape exhibits the realistic heterogeneity that motivates the case study:
spatially clustered environmental scores and agricultural values following soil and transport

gradients.

Because the Bolivia exercise is built from raster-derived priority scores, we read it as an

index-board implementation of the two-value model rather than as a literal welfare calibration.
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The composite indices S j(e) and S](.a) summarise conservation priority and agricultural opportu-
nity cost; they are useful for asking whether the adversarial-procurement mechanism appears on
a real spatial landscape, but they are not observed transaction prices or complete measures of
social welfare. Each hydrological basin enters as one planning item, so the baseline board is an
equal-PU portfolio exercise rather than an area-weighted national accounting exercise. To show
that the reversal is not an artefact of the percentile-rank normalisation, Appendix Table S10.1

reruns the Bolivia game on cardinal and area-weighted value scales.

(a) PUs with PAs (b) Agricultural Values (c) Environmental Values
Heatmap Heatmap

Figure 7: Bolivian PU board with 2024 Protected Areas and Heatmaps

7.2 The static-dynamic procurement gap

As a first check, we run the Claims- and Budget-World contests on the fixed Bolivia board. The
board reproduces the large-board Monte Carlo patterns: Hot Spot generally leads against Rival-
Blind Farmers, Max Environment leads against Rival-Aware Farmers, and Max Efficiency re-
mains below Max Environment. At low leakage, the apparent recovery of pure threat-targeting
comes largely from residual conservation rather than the quality of Green’s purchases. Ap-
pendix S10.6 reports the complete static outcomes, dynamic PSE/DLE trajectories, assignment-
loss results, and spatial maps. Having established this concordance, we turn to the case study’s
more distinctive question: how much does a passive-menu benchmark overstate conservation

when applied in a contested landscape?

Many practical conservation planning exercises today are built around static optimisation
tools, most notably Marxan (Ball et al., 2009; Watts et al., 2009), used in over 100 countries to
solve static target-based reserve design problems via simulated annealing under a non-reactive
(passive-developer) assumption. These tools formalise the planner’s problem as a “minimum set
problem”: selecting a subset of planning units that meets ecological representation targets at the
lowest possible cost (Ando et al., 1998), with acquisition costs treated as frictional constraints to
be minimised and threats treated as exogenous probabilities. The resulting “optimal” portfolio
assumes that selecting a site for protection removes it from the market without triggering a

strategic response from developers. A simplified analogue of this passive-menu logic is a static
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cost-effectiveness ranking that prioritises planning units by benefit—cost ratios, essentially a

static “ratio-greedy” strategy.

To align this static benchmark with our outcome metric (total ecological value purchased
under a fixed budget) we use a knapsack-form static planner problem rather than Marxan’s
canonical minimum-set target formulation; the common element is the static, non-reactive as-
sumption. We provide the Green agent with a budget Bg and allow them to purchase PUs
unopposed, solving:

:chIgﬁ))fl} j Sj(-e)xj s.t. zj: SJ(-a)J)j < Bg,
implemented via the canonical static cost-effectiveness heuristic that selects PUs in descending
order of S](-e) /S ](-a) (the exact greedy solution to the fractional-knapsack relaxation, and a stan-
dard heuristic benchmark for the 0-1 portfolio problem). We refer to this as the static knapsack
benchmark. As a robustness check, we also solve the passive-developer static portfolio exactly
as a 0-1 integer linear program (ILP) and obtain nearly identical results: both select 209 units
with an overlap of 208 (Jaccard similarity = 0.9905), with the ILP solution differing by a single

swap and increasing total purchased ecological value by ~ 0.02%.

We then introduce the static knapsack benchmark to the Budget World contest on the fixed
Bolivia board. The results are presented in Figure 8; the spatial distribution of conserved
PUs under the static knapsack benchmark and Dynamic Max Efficiency strategies is mapped in
Appendix S10.6. The exercise yields two striking and related insights regarding the performance

of the static knapsack benchmark in a real-world contested environment.

156 Budget World — Purchased Conservation s Leakage — Farmer=rival-blind Budget World — Purchased Conservation vs Leakage — Farmer=rival-aware
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Figure 8: Budget World on a Bolivian Board: Final Purchased Conservation

First, we observe a significant gap between the Static Knapsack Benchmark (red dashed line),
which is within 0.02% of the exact passive-menu optimum, and the realised outcomes of the Max
Efficiency strategy (cyan line) under dynamic adversarial play. Across all leakage levels, the
static plan overestimates realised conservation value by approximately 15-20%. This quantifies
what we term the “disappointment gap”, a dynamic dimension of the broader ‘implementation
gap’ (Knight et al., 2008). The mechanism is the passive-menu assumption behind the static
plan: it values its selected portfolio as if every unit remains available. Under dynamic adversarial

play, ratio-greedy still spends much of its budget in the cheap low-a corridor, but some of the
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ecologically valuable units the static portfolio counts are contested and removed by the rival
before they can be purchased. The disappointment gap is the shortfall from applying a passive-

menu ratio portfolio to a shrinking, adversarial menu.

Second, the simulations show that the qualitative ranking from the stylised models survives
on this real-world planning board. The simple Max Environment strategy (green line) con-
sistently outperforms the Max Efficiency strategy (cyan line) in Purchased Conservation (PC)
on the reported exercises. Bolivia’s index-board correlation (p ~ 0.29) sits near the positive-
correlation benchmark p = 0.3 for which the knapsack reversal is formally proved in Theorem 4.2
(the percentile-rank transform raises the measured correlation, which is p ~ 0.17 on cardinal
PU means), and the board’s ecological selection premium is 22.7% on the index scale and 74.3%
on cardinal means, in both cases above the diagnostic range identified in the compressed-FE
exercises, so the dominance of value-first over ratio-greedy on this landscape is consistent with

the formal result, not merely a simulation regularity.

These patterns are robust to how the board is valued. Because the composite scores are
percentile-rank indices, we rerun the game on cardinal PU means, a positive min—max rescaling,
a log transform, and area-weighted totals (Appendix Table S10.1). The reversal survives on
every scale: on raw cardinal means Max Environment exceeds strict ratio-greedy by 12.2-12.4%
in purchased conservation and the static plan overstates realised conservation by 27.4-30.0%,
with area-weighted totals stronger still, while a deliberately tail-compressing log transform
attenuates the advantage to 1.6-5.0% but preserves its sign. The advantage rises with the
ecological selection premium across the scales, the comparative static of Section 5.4 traced on

a real board (Appendix Figure S10.7).

8 Discussion

This paper identifies a structural class of allocation problems that we call adversarial procure-
ment in two-value space: contests in which a mission-driven buyer acquires assets sequentially
from a shared and shrinking pool, competes against an active rival, values assets differently
from that rival, and, when acquisition is priced, faces prices aligned with the rival’s valuation.
Our analysis shows that in this setting cost-effectiveness can cease to be cost-effective—the ratio

rule delivers less focal value from the same budget, a result we call the knapsack reversal.

Conservation siting provides the most transparent example of adversarial procurement in
two-value space and within this domain we find a second surprising reversal: even at zero
leakage, threat-targeting no longer delivers the greatest additionality. An application to Bo-
livia shows both reversals on a real, spatially correlated landscape and finds them ecologically
meaningful: the static knapsack benchmark, which is within 0.02% of passive-menu optimum,
overstates realised purchased conservation by roughly 15-20% once developer responses are al-
lowed for, and pure threat-targeting underperforms alternative strategies across all outcome

measures.
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Nothing in the knapsack reversal’s mechanism is specific to conservation: the board, the two
coordinates, and the priority-tilt family are defined generically. In both the Claims- and Budget-
World results the common feature is that the rival selects by the coordinate the ratio rule treats
as cost. That coupling, rather than the ecological setting, can arise in any sequential contest in

which a mission-driven buyer’s cost coordinate is a commercial rival’s value coordinate.

The formal and computational results yield two lessons—two-value space changes the mean-
ing of cost, and rivalry changes the meaning of threat—with two scope conditions: positive
correlation amplifies the reversal, while valuation heterogeneity gates it. A decomposition of
conservation into direct (PSE) and displacement (DLE) channels then clarifies how these lessons

operate.

Two-value space changes the meaning of cost. In two-value space, cost is both threat and
expense, and the two channels are distinct but layered. As threat, the rival’s valuation drives the
knapsack reversal independent of prices and budgets: ratio-greedy defers contested high-F /high-
A sites, and the rival removes those same sites because high A is its priority coordinate. The
Claims-World theorems establish this dominance under both a max-A Farmer (Theorem 3.1) and
a subgame-perfect best-responding rival (Theorem 3.2). Budget World then adds the expense
channel, self-hedging: because the rival removes the contested sites value-first is fighting for,
value-first is spared their price and can afford to keep competing on the frontier rather than
retreat to the cheap corridor. For a given budget, staying on the contested frontier forfeits less
ecological value than fleeing it. Theorem 4.1 fixes the asymptotic gap at independence, while
Theorem 4.2 adds a landscape comparative static, proving that the gap rises monotonically

with correlation across [0, 0.3].

Rivalry changes the meaning of threat. In static conservation models, higher threat can
maximise avoided deforestation when protection remains effective (Delacote et al., 2024). In
adversarial rivalry, threat-targeting fails on selection quality: aligning Green’s priority order
with the rival’s hands Farmer control of Green’s selection set, and high-value sites can be lost.
Re-targeting further erodes any gains as leakage rises. Even at zero leakage, a pure threat-
targeting rule is dominated by an alternative, Hot Spot, that retains an ecological criterion. Thus
site-level additionality and system-wide conservation value can diverge in adversarial settings,
since an estimate confined to protected sites credits the loss avoided there without registering
the ecological value forgone on sites passed over. Additionality metrics remain useful, but they
should be interpreted together with the ecological quality of both the protected sites and the
sites toward which development is displaced. Threat should inform rather than determine the
ranking: our headline result warns against balking at expensive acquisitions, and some pre-

emption of the most valuable sites can pay; targeting overall should remain value-led.

The strategic diagnostics then locate the best simple rule at an interior, value-led optimum
whose position is world-specific. When pre-emption is free (Claims World), a committed rule
that partially pre-empts the contested frontier (Hot Spot) beats value-first against a best-
responding Farmer by a margin that widens with board size. Once the rival’s valuation is also

the buyer’s expense (Budget World), that margin goes: the best simple rule moves inward, to
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value-first under the constant-return boundary and to a moderately pre-emptive, value-led tilt
under the regularised power and fixed-cost objectives, while Hot Spot loses its commanding lead
over value-first (Table 52.6).

Two scope conditions bound the result. Positive ecological-agricultural correlation ampli-
fies the reversal until the two values approach collinearity, making it sharpest where values are
substantially but imperfectly aligned (Figure 5). Valuation heterogeneity gates it: if ecological
values are nearly homogeneous, top-FE and top-E /A portfolios become similar. The ecological se-
lection premium (ESP) captures this quality margin; the reversal persists to roughly 12.5% in the
diagnostics, and Bolivia lies above that threshold. Before relying on a static cost-effectiveness

ranking, ask whether value-first selection buys a meaningfully better portfolio.

For budget-constrained conservationists, the operational lesson is to separate what a strategy
buys from what happens after displacement. Total conservation comprises the ecological value
directly secured (PSE) and the residual value left undeveloped when pre-emption and incomplete
leakage exhaust the rival’s capacity (DLE). DLE can make a strategy with a weak purchased
portfolio appear strong, but only when displaced development fails to find another outlet. PSE
is therefore the firmer basis for comparison across settings: evaluate first what a strategy secures

directly, then treat DLE as a context-dependent increment.

For policy-makers balancing the claims of conservationists and developers, the same de-
composition carries a further implication. If ecological and agricultural values are read as
commensurable net social values, then reducing leakage can lower welfare: the additional con-
servation gained increasingly falls on plots whose higher social value lay in development, both
via Pure Strategy effects as the remaining pool shifts toward high-agricultural land, and via

Displacement—Leakage effects as residual high-A plots are abandoned.

Several limits remain. The formal Budget theorems use proportional prices and a max-A rival
under budget parity, full leakage, and Farmer-first play; simulations vary leakage and unequal
claim endowments, while the SPE diagnostics replace the mechanical rival with alternative
strategic objectives. Ecological value is additive rather than portfolio-dependent; landowners
are priced objects rather than strategic sellers; and displacement is swept parametrically rather
than determined in equilibrium. The model is also a single-contest device: companion work
develops the intertemporal margin, where protection can build the institutional capacity that

later conservation requires (Weinhold and Andersen, 2026).

The policy implication is to treat cost and threat as strategic signals rather than passive
attributes of a fixed menu. In a contested market, cheapness can signal that the rival places
little value on an asset, while high estimated additionality can identify precisely the frontier
where displacement-based gains are most fragile. How far to pre-empt depends on whether
pre-emption is paid for: Hot Spot can be a strong commitment when removal is free; when the
rival’s valuation is also Green’s price, the best simple commitment moves back toward value-
first. Across these environments, focal value should anchor the ranking, with cost and rival

demand serving as urgency signals that refine it.
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A Claims World: finite-board priority-tilt monotonicity

This appendix proves Theorem 3.1. The result is finite-board and pathwise: for every generic
board, value-first weakly dominates the ratio rule in Claims World against a max-A Farmer.
The only strategic restriction is the Farmer rule itself: Farmer is mechanically constrained to

claim the remaining plot with maximal agricultural value A at each Farmer move.

Fix an even board N = 2K with plot set X. Plot = has agricultural value A, > 0 and

ecological value E, > 0. For A € [0, 1], Green’s priority score is
Yy(z) = B AN
Thus A = 0 is value-first and A = 1 is the ratio rule. Fix a deterministic strict tie-breaker 7 on
X, and let o()\) be the strict order obtained by sorting plots by decreasing Y, with ties broken
by 7. For a priority order o, let G(o) be Green’s final claimed set under the max-A Farmer rule
and Green order o, and define
Go)= Y E..  Gn(\)=Glo(N).

z€G(o)
For a binary label B : X — {0,1}, write Cp(0) = 3 ,cg(s) B(z). For a threshold 6 > 0, write

B@(l’) = 1{Ex > 9} and C@ = CB@'

A board is generic if: (i) all A, are distinct; (ii) there are no endpoint score ties at A = 0 or
A = 1; and (iii) for every A € (0,1), at most one unordered pair ties in Y). These assumptions
avoid simultaneous-crossing notation. They hold almost surely under the continuous data-

generating laws used in the simulations.

Lemma A.1 (Scan lemma). Let S C X be the set already claimed by Green, |S| = t, and define
h(z;S) =#{z€ X\ S: A, > A,}.
Before Green’s next claim, a remaining plot x survives Farmer’s move if and only if
h(z; S) >t +1.
Consequently, under any fized Green priority order, Green’s next claim is the first plot in that

order satisfying this inequality; once a plot fails the inequality, it can never become available

later.

Proof. After t Green claims, Farmer has claimed exactly the ¢ largest-A plots outside Green’s
protected set S. This is immediate by induction: it is true at ¢ = 0, and Farmer’s next move
adds the largest-A plot outside S and the previously claimed Farmer set. Hence, before Green’s
next claim, Farmer removes the (¢ 4 1)st such plot, so x survives precisely when at least ¢ + 1
unprotected plots have larger A than z. Later Green claims only increase |S| and weakly

decrease h(z;S), proving the final assertion. O

Lemma A.2 (One-blocker tail lemma). Let |S| = m and let uw ¢ S satisfy h(u; S) = m. Let
L be any tail list disjoint from S U {u}. Compare two scans through L to the same horizon K :
the plus scan starts from S, while the minus scan starts from S U{u}. If P and M are the tail
items accepted by the plus and minus scans, then

M C P, |P\ M| <1.
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In particular, for any binary label B,

Z B(x) — Z B(z) < 1.

zcP zeM
Proof. Any tail item above u is unavailable to both scans: since h(u;S) = m, such an item has
h(:;S) < m — 1, and availability only decreases later. The scans agree until the first possible
difference. Before that difference, let R be the common accepted tail set, so plus has protected
set S U R of size p = m + |R|, while minus has S U R U {u} of size p + 1. If minus has already
reached horizon K, then plus has size K — 1 and can accept at most one further item, so the
claim follows. Otherwise, for any candidate below w,

h(z; SURU{u}) = h(z; SUR) — 1,
while the minus acceptance threshold is also one larger. Thus a minus acceptance implies a plus
acceptance; the first difference, if any, is plus-only. Let w be the first plus-only accepted item.
Then A, < Ay, and plus acceptance plus minus rejection gives
h(w; SUR) <p+2.

After plus accepts w, the two scans have equal protected-set size p + 1, with protected sets
SURU{w} and SU RU {u}. For any later item = with A, > A,, we have h(z;S U R) <
h(w; SUR) < p+ 2, so x is unavailable to plus at threshold p + 2, and hence also unavailable
to minus. For any later item x with A, < A,,, both v and w lie above z, so the two protected
sets give the same h(x;-) and the same threshold. From that point on the scans make identical
decisions. Thus plus can have at most the single extra tail item w, and every minus item is also

a plus item. ]

Lemma A.3 (Score-induced transition). Let two adjacent orders
o-=PijT, ot =PjiT
come from a single score crossing at some A, € (0,1), with i ahead of j just to the left and j
ahead just to the right. Suppose
Ai> A, E; >Ej;,  EAT=EAT
and every k € T satisfies the tail-score condition
(TS) ER AN < E AT
Then
G(o™) > G(o™).

Proof. By layer-cake integration it is enough to prove C@ ) > Cy(o™) for every 6 > 0, since
E, :/ 1{E, > 0} do, / Cy(o) db.
Fix 6 and write B = By. LetOS be the common protected set after scanning the prefix P, and
put t = |S|, h; = h(i;S), hj = h(j;S). Since A; > A;,
(1) hj—hi=1+#{zec X\ S5: A4 > A, > A}, hj > h; + 1.
First suppose B(i) = 1, i.e. § < E;. If h; < t, then i is unavailable in both orders; if o
accepts j first, the threshold rises while h(7;-) is unchanged, so i remains unavailable, and the

post-pair states are identical. If h; > ¢ 4+ 2, both orders accept both ¢ and j, again yielding

identical post-pair states. Thus only h; = t + 1 matters. In that case o~ accepts i, while o™
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accepts j and then skips ¢; moreover o~ accepts j iff h; > ¢t + 3. If hj = ¢t 4+ 2, then by (1) no
unprotected plot lies in (A4;, A;), so protecting i rather than j has the same effect on all tail
h-values. The tail scans coincide, and B(i) = 1 > B(j) gives weak dominance. If h; >t + 3, set
So = SU{j}. The two tail scans are from Sp and from SoU{i}, with h(i; So) = [So|. Lemma A.2
says the ot tail can contain at most one more B-good item than the o~ tail, and the B-good

item ¢ already saved by o~ pays for it. Hence Cy(a™) > Cy(c™).

Now suppose B(i) = 0, so # > E; and also B(j) = 0. The tail-score condition implies a
rescue-blocking fact: if £k € T and E} > F;, then
— > —>1,
so Ap > A;. Thus every B-good tail item k has Ap > A;. As before, the cases h; < t and

h; > t + 2 leave identical post-pair states, so only h; = ¢t + 1 matters. But then any B-good
k € T has h(k;S) < t, because k lies above ¢ while exactly ¢ + 1 unprotected plots lie above i.
After the pair is processed, the protected-set size is at least t + 1 and h(k;-) has not increased;
hence no B-good tail item can ever be accepted by either order. Since i and j are both B-bad,
threshold counts are equal from this point onward. Therefore Cy(c~) > Cy(o™) for every 6,
and the layer-cake step gives the result. O

Theorem A.4 (Finite-board priority-tilt monotonicity). For every generic board and every
fized deterministic tie-breaker T, Gn(\) is weakly decreasing on [0,1]. In particular,

Gn(0) > GN(1).

Proof. For each pair z,y, the equation Y)(z) = Y)(y) has at most one solution,
. log(E,/ Ey)
T log(AL/Ay)
Thus there are at most (gf ) crossings. By genericity, the interior crossing times are distinct and
there are no endpoint crossings. If there are none, the score order is constant. Otherwise write
them as 0 < A\ < -+ < Apr < 1, and let o, be the score order on the interval immediately after
Ar (with og the order before \p).

At crossing A, exactly one pair ties, and it is adjacent in the one-sided orders; otherwise
a third score would have to equal their common score by continuity, contradicting genericity.
Write

or—1=PijT, or=PjiT.
For d(\) =log(E;/E;) — Alog(A;i/A;), the sign of d changes from positive to negative at A, so
log(A;/A;) > 0 and A; > Aj; since d(A\;) = 0 and A\, > 0, also E; > E;. Every item in T" has
score at most the tied score at A, so the tail-score condition holds. Lemma A.3 yields
G(or—1) > G(oy)

for every crossing. At the crossing point itself, the fixed tie-breaker selects either PijT or PjiT,
so the value lies between the two one-sided values. Hence Gy () is weakly decreasing on all of

[0, 1]. O

Pathwise dominance implies expected dominance on generic integrable boards. Theorem 3.2
handles an SPE follower (Appendices 53 and 52).
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