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Abstract

Because of the irreversibility of a species’ global extinction, the
chances of future extinction events need to driven to zero across a wide
range species, both flora and fauna. A necessary step towards reducing
these chances is to find and implement politically feasible ecosystem
management plans that can head off extinction events. This article’s
first contribution is a first of its kind software toolkit that implements
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one way to find these plans. This toolkit provides an organization the
means to (1) build a political-ecological model; (2) fit this model to
a political-ecological data set; and finally, (3) use this model to com-
pute the most practical ecosystem management plan (MPEMP). This
model-based approach to first understanding the political issues sur-
rounding the conservation of a selected endangered species and then
second, finding a conservation plan that works with these political re-
alities – is hamstrung by the challenging and expensive computations
needed to first, fit a political-ecological model to data and then second,
compute the MPEMP from this fitted model. Therefore, this article’s
second contribution is a new optimization algorithm that overcomes
this challenge when it is run on a cluster computer. This new algo-
rithm finds the global solution to an optimization problem character-
ized by constraints and a black-box, stochastic objective function that
may have multiple extrema and jump discontinuities. This toolkit is
illustrated by finding the MPEMP for conserving the cheetah (Aci-
nonyx jubatus) population across Kenya and Tanzania.

Abbreviations:1

CA: Consistency Analysis2

HJ: Hooke and Jeeves optimization algorithm3

IBM: Individual Based Model4

MDAS: Multiple Dimensions Ahead Search5

MPEMP: Most Practical Ecosystem Management Plan6

NGO: Nongovernmental Organization7

PACSA: Parallel Asynchronous Coupled Simulated Annealing8

SA: Simulated Annealing9

SA-MDAS: Simulated Annealing – Multiple Dimensions Ahead Search10

SDE: Stochastic Differential Equation11

TSCC: Triton Shared Computing Cluster12

1 Introduction13

Earth is in the midst of an extinction crisis [1], [2] with many species be-14

coming globally extinct every year [3]. Global extinction of a species is15

irreversible. Assuming that the end goal of environmental and ecological16

conservation efforts is to sustain ecosystems in states that are close to those17
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circa 2026, it can be argued that conservation efforts that directly contribute18

to stemming irreversible ecosystem state changes should be given the highest19

priority both politically and financially. To support these efforts, this article20

delivers a toolkit that can help to (a) develop political-ecological models that21

can credibly gauge likelihoods of global extinction events; and (b) develop22

ecosystem management plans based on these models that can reduce these23

likelihoods.24

Specifically, this article makes two contributions to the challenge of global25

biodiversity conservation. The first is to make available a free and publically26

accessible toolkit for modeling political-ecological systems that host one or27

more species that are at risk of global extinction. Refer to such a species28

as being at-risk. This toolkit can be used to find politically feasible and29

ecologically effective ecosystem management plans. Here, an ecologically30

effective ecosystem management plan is one that predicts a viable population31

of the at-risk species over the planning horizon.32

Based on the urgency of the global extinction crisis, this article’s toolkit33

or a similar one needs to be used immediately by many research groups to34

find implementable and effective ecosystem management plans that can stem35

the negative trends in abundance currently being exhibited by many of the36

earth’s species.37

This toolkit is apparently new because a literature search failed to find38

another toolkit that (a) supports the statistical estimation of a political-39

ecological model followed by (b) the use of that fitted model to find an40

ecosystem management plan that is both politically feasible and ecologically41

effective.42

The article’s second contribution is a new optimization algorithm that43

makes practical, the use of cluster computers to statistically fit these political-44

ecological models to data sets composed of both political actions executed45

by groups that impact the ecosystem that hosts an at-risk species – and46

observations on ecological variables such as that species’ abundance through47

time. This second contribution is critical for the successful application of48

this article’s toolkit.49

To use this toolkit, an organization first, statistically estimates the param-50

eter values of a political-ecological model. They then use this fitted model to51
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compute the most practical ecosystem management plan (MPEMP) [4, Chap-52

ter 4]. Accordingly, this toolkit is referred to here as the MPEMP Construc-53

tor.54

This article takes a broad view of what constitutes biodiversity to include55

species that may not have any commercial value but are listed as Vulnerable56

or Endangered on the IUCN Red List [5], [6], [7]. Such species include many57

terrestrial mammals, marine mammals, fish, and many plants.58

The private sector, although paying lip service to the conservation of such59

species, actually has a strong economic interest in biodiversity conservation60

that is focused mainly on the preservation of potentially profitable genetic re-61

sources. The commercial value of these resources was approximately USD4462

trillion in 2022 [8]. The total budget of NGOs engaged in preserving endan-63

gered species by comparison, is in the neighborhood of USD12 billion [9].64

The efforts of the many professionals engaged in work to curb biodiversity65

loss, although laudable, is dwarfed by the efforts in the private sector to66

profit from biodiversity resources. In other words, the big money is being67

spent on preserving species that have high commercial potential rather than68

on species that, in-part, define the word, “wild.”69

Some efforts are being made, however, to encourage more private sec-70

tor spending on species who have no commercial value but do have (1) ex-71

istence value, (2) bequest value, or (3) ecosystem function value, i.e., the72

species performs important ecosystem-support functions. Existence value is73

the perceived value of knowing that a species exists, and bequest value is the74

perceived value of conserving a species for future generations [10].75

The authors of [11] for example, call for a “blending” of private and public76

sector funds to conserve species that are not commercially valuable. An77

example of this type of financing mentioned by these authors is the so-called78

“Rhino Bond” that targets the conservation of the commercially valueless79

black rhinocerous (Diceros bicornis) in Africa.80

1.1 The way forward81

The concept that this article is offering a realization of, is a toolkit that can82

find ecosystem management plans that are ecologically effective and politi-83
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cally feasible to implement. After describing how this concept is realized in84

software, this article gives a proof of this concept by finding an ecosystem85

management plan for the East African cheetah that requires minimal changes86

to the political beliefs of those groups surrounding this biodiversity conser-87

vation challenge while predicting that the cheetah population will remain88

viable through the planning horizon.89

As an example of this article’s approach to biodiversity conservation,90

Haas and Ferreira [12] build an agent/individual based model of the political-91

ecological system that surrounds rhinoceros (Ceratotherium simum) poaching92

in South Africa. These authors simulate several management options and93

predict that under current management policies, rhinos in South Africa will94

become extinct around the year 2036.95

Such models, however, are in their infancy but need to quickly mature96

because at present extinction rates, many species including most large mam-97

mals will be globally extinct by about 2055 [13]. In other words, if present98

trends continue, a significant proportion of the earth’s species will soon be99

gone due mainly to the activities of the most recent (circa 2026) several100

generations of humans.101

This article gives a tested toolkit, namely, the MPEMP Constructor102

that can be used to (a) model such political-ecological systems; and (b)103

based on such models, compute ecosystem management plans that, when104

implemented, fend off species extinction events. The MPEMP Constructor105

streamlines the construction of an integrated model composed of agent-based106

submodels of political processes that interact with a hybrid individual-based107

population dynamics submodel of the at-risk species that has been selected108

for conservation.109

What mechanisms of biodiversity loss would such models represent? Habi-110

tat loss is often pointed to as the principal driver of global biodiversity111

loss [14]. But recently, one study could find no statistical difference be-112

tween loss of habitat and direct exploitation, i.e., intentional harvesting of113

wildlife either legally or illegally [15]. Illegal harvesting and illegal trading of114

wildlife is referred to as wildlife trafficking. The scale of exploitation-curbing115

biodiversity conservation projects that is needed to slow the globe’s ongo-116

ing biodiversity losses, is much larger than the sum total of currently active117
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projects. To help address this disparity, the MPEMP Constructor is engi-118

neered to focus on the modeling of direct exploitation drivers of biodiversity119

loss.120

Recently, the literature has called for a more holistic view of biodiversity121

conservation rather than a focus on single species preservation [7]. This view,122

called “process-based” [7] argues that maintaining ecological processes that123

drive critical ecosystem functioning, should be the primary goal of biodiver-124

sity conservation initiatives. These processes include adaptation, gene flow,125

dispersal, and trophic interactions.126

Acknowledging that the goal of avoiding the extinction of species that127

have evolved over millions of years is not to be abandoned, the authors of128

[7] call for a synthesis of species-centric and process-based approaches to129

biodiversity conservation:130

“We advocate integration and communication across the two pri-131

mary cultures of conservation—species-centric and process-based—as132

the most effective progress will occur when these two missions op-133

erate in tandem and synergistically [7].”134

Process-based approaches to biodiversity conservation, however, have yet to135

wrestle with direct exploitation effects on an ecosystem’s functioning.136

Such integration is straightforward within the methods detailed in this137

article. For instance, functional diversity (FD) is one way to describe the138

healthy functioning of an ecosystem. FD can be quantified from remotely-139

sensed NDVI data [16]. And, trophic transfer between predators and their140

prey can be quantified with the AB ratio [17]. These two metrics can easily141

be added to the species abundance objective function employed in this article142

to arrive at an analysis and planning workflow that integrates species-centric143

goals and process-based goals.144

The MPEMP maximally increases the probability of a species’ survival145

while requiring the least change in the beliefs held by identifiable groups146

of humans in those countries that host a selected at-risk species. Indeed,147

according to one author [18], any project that is intended to sustain biodi-148

versity needs to have its MPEMP computed so that the conservation project149

can either be modified to enhance its conservation effectiveness – or aban-150

doned altogether and replaced by a project that implements the MPEMP.151
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The MPEMP Constructor guides the user through this MPEMP computa-152

tion.153

An organization would use the MPEMP Constructor to complete the154

following five steps.155

1. Acquire a data set that pertains to the political-ecological system that156

hosts a selected at-risk species.157

2. Create a political-ecological model of this system.158

3. Compute statistical estimates of this model’s parameters.159

4. Display and assess the political-ecological actions generated by this160

fitted model.161

5. Compute the MPEMP from this fitted model and implement it.162

This five-step procedure has application in a business-oriented approach to163

conserving a selected at-risk species [19], [18]. Briefly, revenue from a com-164

mercial offering funds a biodiversity project. This project operationalizes the165

MPEMP that has been computed for that species and the political-ecological166

system that hosts it.167

This article proceeds as follows. A description is given in Section 2 of this168

interacting influence diagrams modelling architecture [4, Chapter 2]. Then,169

as an example, this architecture is used to build a model of the political-170

ecological system that hosts the East African cheetah (Acinonyx jubatus)171

population. A new cluster computer-based optimization algorithm is pre-172

sented in Section 3 that has grown out of previous proposals [20]. In Sec-173

tion 4, this new algorithm is used to find statistical estimates of the above174

model’s parameters. This is accomplished by running the Consistency Anal-175

ysis (CA) [4, Chapter 3] statistical estimator on a political-ecological actions176

history data set. All of these computations are performed on the Triton177

Shared Computing Cluster (TSCC) at the San Diego Supercomputer Cen-178

ter [21]. In Section 5, this statistically estimated model is used to compute179

the associated MPEMP. Section 6 contains a list of institutional challenges180

that need to be overcome before such models can be widely used to iden-181

tify extinction-avoiding ecosystem management plans. Some conclusions are182

reached in Section 7.183
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2 An Integrated Political-Ecological Model184

2.1 Why do submodels need to be integrated?185

Given a model composed of political submodels and an ecosystem submodel,186

if actions that are generated by political submodels do not impact the ecosys-187

tem submodel at model-generated time points – and ecosystem submodels188

actions do not in turn, affect these political submodels, then feedback loops189

between political processes and ecological processes cannot emerge.190

For instance, if a climate model is exogenously set to a schedule of reduc-191

tions in carbon emissions forcing, there is no mechanism for modelling the192

vicissitudes of political support for climate policy. Such vicissitude might take193

the form of a sequence of governmental administrations alternately support-194

ing and then not supporting climate change mitigation policies. The jagged195

time series of carbon emissions that results from this support-nonsupport196

policy record cannot be realistically simulated unless this sequence of dif-197

ferent administrations and the effects of their actions on earth’s climate is198

represented in the simulation model. Hence, there needs to be an integrated199

model of political processes interacting with ecological processes. In this ar-200

ticle, the main ecological process that needs to be modeled is the population201

dynamics of an at-risk species.202

2.2 Advantages of an individual-based model of an at-203

risk species204

As the authors of [22] note,205

“To allow for mathematical analysis, models of predator–prey co-206

evolution are often coarse-grained, focussing on population-level207

processes and largely neglecting individual-level behaviour. As208

selection is acting on individual-level properties, we here present209

a more mechanistic approach: an individual-based simulation210

model for the coevolution of predators and prey on a fine-grained211

resource landscape, where features relevant for ecology (like changes212

in local densities) and evolution (like differences in survival and213
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reproduction) emerge naturally from interactions between indi-214

viduals” [22].215

2.3 Example: The East African cheetah population216

The cheetah is listed as Vulnerable on the IUCN Red list and as Endangered217

by the Namibian government [23]. Countries that host cheetah populations218

include Kenya and Tanzania [24]. These two countries share a border and219

hence have the potential of interacting with each other politically. There-220

fore, as an example, a political-ecological model is built of the cheetah-hosting221

political-ecological system enclosed by these two countries. This model con-222

sists of submodels of several groups that affect the cheetah population, and223

an ecosystem submodel of East African cheetah population dynamics. All of224

these submodels interact with each other through time.225

This agent/individual-based political-ecological model of the cheetah-226

hosting ecosystem contained within Kenya and Tanzania, is new.227

2.3.1 Submodels interact through a bulletin board228

At each time step, each group submodel and the ecosystem submodel read229

actions directed against themselves from a bulletin board. Conditional on230

a read-in input action, a group submodel computes the expected value of231

overall goal attainment that they believe they will receive if they implement232

a particular action-target combination. After making this computation for233

all action-target combinations in their repertoire, they post to the bulletin234

board the combination that has the highest expected overall goal attainment.235

The Ecosystem Management Actions Taxonomy (EMAT) [25] dictates what236

actions a submodel recognizes and what it holds in its repertoire of output237

actions.238

The ecosystem submodel reacts to actions directed against it by adjust-239

ing its output of cheetah and prey abundance across time. For instance,240

if at a particular time point during the simulation, this submodel reads in241

a poaching action, it will immediately reduce cheetah abundance by some242

amount.243
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2.3.2 Group submodels244

Submodels represent Kenya’s presidential office, the Kenya Wildlife Service,245

the rural residents of Kenya, and the pastoralists of Kenya. Similar submod-246

els are constructed for Tanzania. A ninth group submodel is constructed247

of a conservation-focused nongovernmental organization (NGO) that runs248

conservation projects in both of these countries.249

Details of the cognitive theory and causal flow that these submodels use250

to decide what action to implement based on their beliefs; and those ac-251

tions that have been directed against them (input actions) can be found252

in [4, Chapter 2], [12], and [26]. Specifically, these group decision making253

submodels make decisions that they believe will further their own set of254

goals without regard to the goals of other groups and, except for the wildlife255

protection agency groups and the NGO group, without regard to what effects256

their actions might have on the ecosystem or the abundance of any particular257

species.258

2.3.3 Cheetah-hosting ecosystem submodel259

The ecosystem submodel tracks the dynamics of the trans-Kenya-Tanzania260

cheetah population (abundance through time). This submodel interacts with261

the above rural resident group and pastoralist group submodels. Chee-262

tah are individually modeled following the individual-based modeling (IBM)263

paradigm. For simplicity, however, this IBM interacts with a stochastic dif-264

ferential equation (SDE) submodel of cheetah prey such as Thomson’s gazelle265

(Gazella thomsoni) [27]. Both the cheetah IBM and the herbivore SDE rep-266

resent population dynamics stochastically.267

This synthetic predator-prey submodel is new and extends a model de-268

scribed by Kimbrell and Holt [28].269

Parameterization of this submodel follows a set of data-based values re-270

ported by the authors of [29]:271

“Data are presented on the demography and reproductive suc-272

cess of cheetahs living on the Serengeti Plains, Tanzania over a273

25-year period. Average age at independence was 17.1 months,274

females gave birth to their first litter at approximately 2.4 years275
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old, interbirth interval was 20.1 months, and average litter size276

at independence was 2.1 cubs. Females who survived to inde-277

pendence lived on average 6.2 years while minimum male average278

longevity was 2.8 years for those born in the study area and 5.3279

years for immigrants” [29].280

Working from this information, Table 1 contains the parameter values used281

in the cheetah IBM and the prey SDE.282

Parameter Value
Cheetah

Initial (2020) abundance 1744
Female life expectancy 6.2
Male life expectancy 2.8
Age at maturity 1.42
Female sexual maturity 2.4
Interbirth interval 1.675

Herbivores
Initial abundance (minor poaching) 2250
(moderate poaching) 4500
(severe poaching) 8750

Birth rate − death rate (minor poaching) -0.003
(moderate poaching) -0.014
(severe poaching) -0.017

White noise multiplier (minor poaching) 0.001
(moderate poaching) 0.001
(severe poaching) 0.001

Table 1: Ecosystem submodel parameter hypothesis values. Initial cheetah
abundance is from [24] (see below). Cheetah IBM parameter values are
derived from [29]. The temporal unit is years. Submodel output of herbivore
abundance depicts a negative trend through time that is influenced by the
amount of herbivore poaching.

Using the constants in Table 1, The cheetah abundance submodel pro-283

duces 963 cheetah at the end of the 2020-2025 time span assuming a poaching284

rate of one cheetah per week. If all cheetah poaching is turned off, the sub-285

model produces 1565 cheetah at the end of 2025.286
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3 A New Optimization Algorithm287

To make the use of political-ecological models practical for purposes of giving288

input into biodiversity conservation planning, an optimization algorithm is289

needed that can solve the CA and MPEMP optimization problems. These op-290

timization problems have objective functions that are (a) bound-constrained,291

(b) stochastic, and (c) expensive to evaluate. These objective functions also292

contain multiple extrema and jump discontinuities. A literature search failed293

to uncover any optimization algorithm that is designed to find the global294

extremum of such functions. Therefore, to address this need, a new opti-295

mization algorithm is introduced herein that combines Simulated Annealing296

(SA) [30] and Multiple Dimensions Ahead Search (MDAS) [31]. This new297

algorithm is called Constrained Stochastic Synchronous Coupled Simulated298

Annealing – MDAS (SA-MDAS).299

3.1 Background300

Consider an optimization problem wherein an objective function in n di-301

mensions (hereafter, variables) is to be minimized. A black-box optimization302

algorithm can handle all types of deterministic objective functions without303

assuming anything about their smoothness or presence of discontinuities. To-304

date, however, there has been little work on the development of algorithms305

that can optimize a noisy (hereafter, stochastic) black-box objective function.306

As reviewed in [20], one algorithm that is capable of finding the global solu-307

tion to a deterministic black-box objective function is Parallel Asynchronous308

Coupled Simulated Annealing (PACSA) [32]. This algorithm however, does309

not recognize constraints and is not designed for stochastic objective func-310

tions.311

In addition, when the cooling schedule given in [33] is employed within312

PACSA, computational experience has shown that the use of equation (1)313

in [32] causes the maximum accepted function value term to become large as314

iterations increase. This happens because some of the compute nodes begin315

to return poor (large) objective function values when their solution chains316

enter suboptimal subspaces of the solution space. This increased value of317

the maximum-function term causes the acceptance probability to become318
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small – causing progress towards an optimal solution to essentially stop. For319

this reason, the asynchronous scheme for coupling compute nodes developed320

in [32] is not used in SA-MDAS.321

Regarding stochastic objective functions, Haas [20] proposes for future322

work, the development of an optimization algorithm capable of computing323

statistical estimates of the parameters of a political-ecological model. This324

envisioned algorithm would handle (a) bound constraints; and (b) stochastic325

objective functions using the procedure described in [34]. The authors of [35]326

in contrast to the approach taken in [34], however, provide a convergence327

proof for their averaging method of handling stochastic objective functions328

within an SA optimization algorithm. For this reason, the method described329

in [35] for handling stochastic objective functions is employed in SA-MDAS330

rather than the one developed in [34].331

One final background note: In the eighteenth century, the person who332

organized an opera production was referred to as an impresario. The indi-333

viduals who performed the opera be they singers, dancers, instrumentalists334

or conductors, were (and are) referred to as performers [36]. These terms are335

used here to refer to different roles given by an optimization algorithm to336

different compute nodes who collectively, make up a cluster computer [37].337

3.2 The algorithm’s intended runtime environment338

In SA-MDAS, an impresario posts tasks to a JavaSpace [31] for performers339

to take and complete. Once completed, a performer posts a task’s results340

back to the JavaSpace. The impresario then takes these results from the341

JavaSpace and uses them to decide where next to search. Here, a JavaSpace342

is implemented via the GigaSpacesTM XAP [38]. SA-MDAS is implemented343

in the JavaTM language because Java is (a) computationally efficient; (b)344

easily parallelized; and (c) easy to read and hence, easy to maintain [31].345

The MPEMP Constructor contains a JavaSpace implemented as a Java346

socket system [39]. This system replaces the GigSpaces implementation for347

those users who do not acquire the GigSpaces XAP.348
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3.3 Algorithm summary349

SA-MDAS uses both SA and MDAS to solve an optimization problem that350

has a (possibly) stochastic black box objective function and continuous vari-351

ables that are bound-constrained. Implicit constraints are also accommo-352

dated. To ensure finite-time convergence, SA-MDAS employs the cooling353

schedule of [33, chapter 4].354

SA-MDAS employs many performers to both increase the chance that a355

global solution is found, and to reduce the wall clock time [40] that it takes to356

find it. This is accomplished in-part through a new method developed herein357

called Multiple Periodic Exchange (MPE) – a scheme similar to the class358

of parallel SA algorithms dubbed periodic exchange schemes by the authors359

of [41].360

A well-known characteristic of SA is its slow rate of convergence [42].361

This drawback is addressed in SA-MDAS by switching the search algorithm362

from a parallel SA algorithm to a parallel Hooke and Jeeves (HJ) algorithm363

namely, MDAS.364

The result of this two-phase architecture [43] is an algorithm that takes365

advantage of SA’s global search capability enhanced through cluster com-366

puting – but that avoids SA’s proclivity for slow convergence by switching367

to an efficient local search algorithm (MDAS) that also leverages a cluster368

computing environment. The switch happens only after significant effort has369

been directed towards finding a subspace that has a high likelihood of con-370

taining the global minimum. Specifically, this switch is delayed until the SA371

step length along any variable becomes so small that the likelihood of a move372

into a radically different subspace also becomes small.373

3.4 Algorithm374

The score is the negative average of several evaluations of the stochastic375

objective function.376

1. Global search phase:377

(a) Set values for ns (see Appendix B), and the chain length. Also,378

find initial values for each variable’s step length, and the control379
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parameter t (“temperature”). Initialize this latter parameter so380

that the percentage of moves accepted is between 70 and 90. Run381

this task on the impresario compute node alone.382

(b) Within SA’s inner loop, start each of m performers at the same383

initial solution.384

(c) Run these performers simultaneously but independently over one385

Markov chain.386

(d) Always accept solutions that deliver a score value that is smaller387

than current value. Accept other solutions with probability388

exp {−(trial value− current value)/t} . (1)

(e) Block until all performers have finished their respective chains.389

(f) Update the sample size used to compute the negative average value390

of the stochastic objective function. Also update each variable’s391

step length.392

(g) Update t via the rule developed in [33, Chapter 4].393

(h) Return if a solution has been found such that the score has been394

reduced to 90% of its initial value. Otherwise, continue to Step i.395

(i) Execute MPE by reinitializing every performer with the solution396

that gave the current smallest score value.397

(j) Go to Step c.398

2. Local search phase:399

(a) After the SA subalgorithm has returned, use the returned solution400

as the starting solution in an MDAS run. Set the MDAS algorithm401

to search forward three variables at a time.402

(b) Run MDAS to convergence and then stop. The convergence crite-403

rion is the relative change in the negative average of the stochas-404

tic objective function between two successive reductions in that405

value [44]:406

|f(xk)− f(xk−1)|/f(xk−1) ≤ ϵ. (2)
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This criterion begins to be evaluated only after the algorithm has407

computed its first 50 function evaluations.408

3.4.1 Convergence properties of SA-MDAS409

Given a bound-constrained, continuous function, Lewis and Torczon [45]410

prove that the HJ algorithm converges to a local extremum (see also [46]).411

Because MDAS is an extension of HJ, MDAS enjoys at least the convergence412

properties of the well-understood HJ algorithm.413

As mentioned above, SA is known to be capable of finding the global414

extremum. Therefore, the convergence properties of SA-MDAS are known415

for the case where both phases are allowed to converge.416

Appendix B contains details of how SA-MDAS handles continuous vari-417

ables and stochastic objective functions. Details are also given on (a) the418

overhead that the algorithm incurs from its need to pass messages between419

performers; (b) how it performs on standard test functions; and (c) how it420

compares to other optimization algorithms.421

3.5 Algorithm performance on a relevant objective func-422

tion423

To see if SA-MDAS can solve real-world CA and MPEMP optimization prob-424

lems, it is used here to optimize an interpretable objective function that is425

similar to those found in both the CA and MPEMP. This test function con-426

sists of a (smooth) quadratic polynomial component, one jump discontinuity,427

and a stochastic component as follows.428

f(x, y) =



−(x2 − 1)2 − (x2y − x− 1)2

+ 0.1Z, x ∈ (−1.5, 0), y ∈ (−0.5, 2.5)

−(x2 − 1)2 − (x2y − x− 1)2

+ 10.0 + 0.1Z, x ∈ (0, 1.5), y ∈ (−0.5, 2.5)

−1.0, otherwise

(3)

where Z ∼ N(0, 1). There are two extrema: A smaller one at (−1, 0) and429

a larger (global) one at (1, 2). This function is adapted from a function430
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described by Cook [47].431

The use of a noisy quadratic polynomial to represent CA’s simulated432

Hellinger distance component [4, Chapter 11] is justified as follows. First,433

Wu and Karunamuni [48] show that for many density functions, the Mini-434

mum Hellinger Distance (MHD) estimator is smooth in the parameters being435

estimated. Second, the test function’s additive noise mimics the stochasticity436

of simulated Hellinger distance (SMHD). As an aside, SMHD is known to be437

a consistent estimator [49].438

SA-MDAS was started at (−1.2, −0.4). This point is close to the smaller,439

non-global extremum and was chosen in order to see if SA-MDAS can find the440

global extremum when started close to a non-global one. After 1759 function441

evaluations, the SA component converged. Then, after 4320 more function442

evaluations, the MDAS component converged to the global extremum. The443

stochastic sample size was initialized at three. During the course of the444

search, this value was increased to first, eight, and then 36. Based on this test,445

it appears that SA-MDAS is capable of solving CA and MPEMP optimization446

problems.447

4 Statistical Estimation of a Political-Ecological448

Model449

4.1 Overview of the CA estimator450

The CA estimator [4, Chapter 3] produces a set of consistent parameter val-451

ues such that model output balances agreement with data versus agreement452

with cognitive theories of decision making. To do this, an objective func-453

tion is defined to be the priority-weighted sum of standardized measures of454

the agreement with a data set (gS), and the agreement with the model’s455

joint probability distribution across its stochastic nodes (hereafter, distri-456

bution) under hypothesis parameter values (gH). The value of ch ∈ (0, 1)457

is the relative priority given to having the consistent (estimated) model’s458

distribution agree with the one specified by the hypothesis parameter val-459

ues – versus agreeing with the data (here, an observed actions history):460

gCA = (ch)gH + (1 − ch)gS. The distribution that emerges when the pa-461
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rameters of all submodels are set at their CA-estimated values, is called the462

consistent distribution.463

When ch is 0, CA becomes a frequentist statistical estimator. When ch464

is 1, CA finds parameter values that result in the model maximally agreeing465

with both decision making theory and with ecological theory that collectively,466

dictate how the political-ecological system is expected to behave through467

time.468

CA fits a model in two steps. Step 1, called the Initialize step, consists of469

finding parameter values that cause the model to match as many observed ac-470

tions as possible. Then, this initial percentage of action-agreement matches471

(its match fraction) is computed. Next, step 2, called the Optimize step, ad-472

justs these initial parameter values until the model’s distribution is as close473

as possible to the hypothesis distribution while maintaining the initial match474

fraction. The idea behind this two-step approach is to minimize the occur-475

rence of jump discontinuities [50]. Such jump discontinuities can occur when476

one or more group submodels switch to different action-target combinations477

as a result of the optimization algorithm making small changes to the values478

of some of the model’s parameters.479

The Optimize step uses a stochastic agreement function for gH that is480

the negative of the Hellinger distance between the consistent and hypothesis481

distributions. Letting P (P = i) = pi (and P (Q = i) = qi), for two discrete482

distributions, this distance is483

H(P,Q) =

√√√√1

2

d∑
i=1

(
√
pi −

√
qi)2 (4)

where d is the number of discrete values that the random variable P (and484

Q) can take on [51].485

See Appendix A for (a) algorithmic details of the Initialize step, and (b)486

a description of the implicit constraint used to maintain the initial match487

fraction during the Optimize step.488
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4.2 Results489

SA-MDAS is used to statistically estimate parameter values of the political-490

ecological model of East African cheetah trafficking as follows.491

4.2.1 Actions history492

Haas [25] describes a STAR-compliant protocol for extracting EMAT actions493

from online sources. Refer to this protocol as the EMAT actions extractor.494

This protocol is used to extract EMAT actions reported in online sources495

concerning cheetah management in Kenya and Tanzania. Doing so yields 24496

actions over the period November 2018 through July 2025 (Table 2).497

Date Actor Action Target(s) Location
2018.80 kenepa translocate animals ecosys Lewa Conservancy
2018.80 kenrr poach for cash ecosys Lewa Conservancy
2021.37 tanepa increase damage control tanrr Serengeti
2021.39 kenepa positive ecoreport ecosys Maasai Mara
2021.42 kenepa fund education grant ecosys Samburu Tsavo
2021.58 kenepa arrest poaching suspects ecosys Meru NP
2021.82 kenepa positive ecoreport kenpres Lewa Conservancy
2021.84 kenepa increase damage control kenrr Tsavo
2021.93 kenepa translocate animals ecosys Ziwa Rhino Sanctuary
2022.49 kenepa translocate animals ecosys Eastern
2022.49 kenrr sell few rhino horns ecosys Eastern
2022.59 kenepa translocate animals ecosys Mount Kenya
2022.62 kenepa increase anti-poaching kenrr Maasai Mara NP
2022.80 kenrr poach for cash ecosys Eastern
2022.93 kenrr poach for cash ecosys Nairobi
2023.72 kenepa use tech. to find habitat ecosys Narok
2023.83 kenrr poach for cash ecosys Nairobi NP
2024.10 kenepa translocate animals ecosys Laikipia
2024.46 kenepa conduct wildlife survey ecosys Maasai Mara
2024.51 kenrr poach for cash ecosys Kilimanjaro
2024.58 tanepa positive ecoreport tanpres Ngorongoro Reserve
2025.14 ngo donate dollars to NP ugaepa Pian Upe Reserve
2025.65 kenrr sell several rhino horns ecosys Nairobi
2025.66 kenepa translocate animals ecosys Nairobi

Table 2: Political-ecological actions extracted from online sources with the
EMAT actions extractor

.
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See Appendix C for an assessment of the EMAT action extractor’s accu-498

racy.499

4.2.2 Cheetah abundance data500

Cheetah sightings data is typically collected by field ecologists running cam-501

era traps or observing cheetah spoor. Based on these data-collection meth-502

ods, the authors of [24, p. 7] report that in the year 2020, there were 1744503

cheetah scattered across Kenya and Tanzania (Table 3). For the year 2025,504

there were 938 cheetah in Tanzania and 715 in Kenya [52]. Using these two505

sources, a data file is created that contains total observed cheetah abundance506

for 2020, and 2025, respectively.507

Country Region Abundance
Kenya Maasai Steppe 47
Kenya North 175
Kenya Serengeti/Mara/Tsavo/Laikpia 1250
Kenya Turkana 33
Tanzania Katavi-Ugalla 55
Tanzania Ruaha 184

Total 1744

Table 3: Observed Kenya, and Tanzania cheetah abundance for the year
2020.

4.2.3 Model fitting508

The parameters that determine how likely Kenya rural residents and Tanza-509

nia rural residents think they will be arrested after they poach cheetah for510

cash are adjusted so that the model’s output agrees with the observed ac-511

tions history while exhibiting a joint probability distribution across its nodes512

that maximally agrees with the distribution defined to represent theoreti-513

cal propositions about these beliefs. This cognitive variable is influenced by514

a poacher’s perception of their current economic status, and their current515

perception of how much trouble with the police they are already in. The516

economic status variable takes on the values negligible, inadequate, and ad-517

equate. The imminent-interaction-with-police variable takes on the values518
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will be arrested for poaching, will be evicted, and no interaction with police.519

See [12] for the cognitive theory supporting this variable and its application520

to rhino poaching in South Africa.521

Here, the hypothesis distribution values of these parameters represent522

the theory that a typical rural resident believes there is little chance they523

will have any interaction with police after they poach a cheetah for cash.524

Equal priority is given to agreement with the hypothesis distribution versus525

agreement with observations (ch = 0.5).526

This CA is implemented as a 54-variable optimization problem and was527

solved through a single run of the SA-MDAS algorithm. The optimization528

problem variables are the parameters that determine the Scenario Imminent529

Interaction with Police (SIIWP) node in the Kenya rural resident submodel530

and the Tanzania rural resident submodel under the conditioning event that531

a rural resident decides to implement the output action, poach cheetah for532

cash. The model was run over the period January 1, 2022 through December533

31, 2025.534

The SA-MDAS run employed three performers with each performer ac-535

cessing 10 threads when performing a parallel Monte Carlo simulation. Each536

such simulation required 1000 simulated realizations of a submodel’s stochas-537

tic nodes. A simulation was run whenever a submodel received a new input538

action-target combination at some time step during the period that the model539

was run over. One evaluation of the objective function without averaging re-540

quired 64, 70, and 68 seconds on performers 1, 2, and 3, respectively. Evalu-541

ation times are different because performers have differing shared computing542

loads.543

The run’s wall clock time was 3.37 hours. Using ϵ = 0.01, phase one544

converged after 271 function evaluations. The MDAS algorithm in phase two545

was run in sequential (HJ) mode and restricted to 52 function evaluations.546

This run produced a solution that increased the value of gCA by 17.03%547

(Table 4).548
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Agreement measure Symbol Initial Consistent Percent
value value increase

Agreement with observed g
(Grp)
S 0.88888 0.88888 0.00

actions history (match
fraction)

Submodel agreement with g
(Eco)
S -0.86593 -0.86249 0.40

observed cheetah abundance

(−|nobs − Ê[Npred]|)
Average agreement g

(Grp)
H -0.50635 -0.42242 16.58

between consistent
group submodels and
hypothesis submodels

Overall agreement gCA -0.49438 -0.41014 17.03

Table 4: CA agreement measures before and after the SA-MDAS run. Agree-
ment between the ecological submodel’s consistent distribution and its hy-
pothesis distribution is not computed because no parameters within this
submodel are being estimated.

Figure 1 displays the actions history generated by the CA-estimated549

model along with those observed actions that are matched by this estimated550

model. To exhibit typical interaction patterns that are obscured in this Fig-551

ure, Figure 2 exhibits a closeup of the period from 2024 to 2025.552
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Political actions history

2020.00 2021.50 Time 2023.00 2024.50 2026.00

tp: host or attend conserv
[no input acti]

ta: request to graze insid
[no input acti]

ka: poach to protest
[open reserve ]

kp: open reserve to settle
[no input acti]

kr: poach for cash
[open reserve ]

kr: poach for cash
[no input acti]

te: arrest poach-ing suspe
[poach for cas]

ka: anti-government riot
[no input acti]

kr: poach for cash
[evict residen]

kp: evict residents from r
[agree to crea]

ke: arrest poach-ing suspe
[agree to crea]

ng: form anti-wildlife cri
[no input acti]

ka: poach to protest
[no input acti]
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Figure 1: Model-generated actions history from 2020 through 2025. Green
crosses are observed actions matched by the the CA-estimated model. The
o symbol denotes an observation on cheetah abundance.
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Political actions history

2024.00 2024.25 Time 2024.50 2024.75 2025.00

kp: sign inter-country con
[anti-governme]

ka: anti-government riot
[no input acti]

ke: arrest poach-ing suspe
[anti-governme]

kr: poach for cash
[no input acti]

ke: arrest poach-ing suspe
[poach for cas]

kr: poach for cash
[open reserve ]

ka: poach to protest
[open reserve ]

kp: open reserve to settle
[no input acti]

ng: form anti-wildlife cri
[open reserve ]

te: arrest poach-ing suspe
[poach for cas]

tr: poach for cash
[no input acti]

te: arrest poach-ing suspe
[no input acti]

ta: request to graze insid
[no input acti]

tp: host or attend conserv
[no input acti]

ng: form anti-wildlife cri
[no input acti]
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Figure 2: Model-generated actions history from 2024 to 2025.

This example shows that SA-MDAS can find CA estimates of a political-553

ecological model’s parameters in a practical amount of cluster computer wall554

clock time.555

4.3 Solution sensitivity to small changes in ch556

The value of ch quantifies the priority of finding parameter values that causes557

the model’s output to agree with prior hypotheses about how groups reach558

decisions in a political space and how the dynamics of a wildlife population559

unfolds – versus having model output agree with a political-ecological data560

set. In a highly cited article, Marler and Arora [53] call these weights a priori561
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articulation weights because they are used to express the relative priority562

the analyst wishes to give to each objective function in the multiobjective563

optimization problem. For instance, in the above CA example, the analyst564

wishes to give equal priority to agreement with political-ecological theory565

and agreement with data. To accomplish this, they set each weight to the566

value 0.5.567

Because a priori articulation weights are analyst-specified, there is no pa-568

rameter misspecification issue. There is, however, the question of whether a569

small change in these weights might continue to represent the analyst’s pri-570

orities but yield significantly different solutions to the optimization problem.571

To explore this possibility, the analyst would set ch to a subjectively insignif-572

icantly different value from its original value and then rerun the optimization573

algorithm.574

As an example of such a sensitivity study, the SA-MDAS optimization575

algorithm was rerun three times on the above example with ch set to 0.499,576

and then run three more times with ch set to 0.500 (Table 5). Solution vari-577

ability is caused by the stochastic nature of the objective function. As Table578

5 indicates the gh and gs values are not systematically different between the579

two settings of ch. This experiment suggests that the CA solution is not580

overly sensitive to a 0.2% departure from ch = 0.500.581

Realization gs gh

ch = 0.500
1 0.00918 -0.85579
2 0.00119 -0.85093
3 0.00267 -0.83786

ch = 0.499
1 0.00732 -0.83571
2 0.00420 -0.83719
3 -0.00118 -0.83719

Table 5: CA solution sensitivity to an analyst-perceived insignificant change
to ch.
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4.4 Over-parameterization and generalizability582

The political-ecological model has more parameters than the number of ac-583

tions and ecological variable observations contained in the political-ecological584

data set. For many models, this situation can lead to poor prediction perfor-585

mance [54]. One well-known example is the class of high-order polynomial586

regression models. These models can exhibit fitted parameter values that are587

mostly determined by the noise component in the data set they are being588

fitted to. The fitting of parameter values to the group decision making sub-589

models, and ecological submodel used herein, however, is disciplined by the590

need to produce parameter values that are similar to those contained in the591

associated submodels generated by decision making theory, and ecological592

theory, respectively. These hypothesis submodels by intention, exhibit low-593

noise behaviors. Hence, the submodels identified by their consistent param-594

eter values as produced by CA, while agreeing with the political-ecological595

data set, should not possess parameter values that are excessively influenced596

by this data set’s noise component.597

5 Finding the MPEMP598

Haas and Ferreira [12] state that599

“A more general method of developing management policies is600

the most practical ecosystem management plan (MPEMP) of [4,601

Chapter 4]. The MPEMP emerges from the pattern of group602

behaviors that results from modifying one or more group belief603

systems. These modifications are such that the agreement be-604

tween group belief systems that are estimated from data – and605

the belief systems that produce group actions that cause a desired606

ecosystem state, is maximized. In other words, the MPEMP is the607

sequence of group behaviors that occur from the least change in608

existing group beliefs systems that still achieves ecosystem state609

goals” [12].610
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5.1 What does an MPEMP look like?611

An MPEMP can consist of several politically-initiated ecosystem manage-612

ment actions. Actions that can be modeled with the MPEMP Constructor613

include the following.614

� develop alternate livelihoods,615

� install wildlife control fencing,616

� increase antipoaching efforts,617

� relocate animals,618

� shoot marauding elephants,619

� eradicate invasive plants,620

� donate antipoaching equipment,621

� plant trees,622

� restore mine tailings areas,623

� compensate farmers for wildlife damages,624

� gazzette land into reserve patches, and625

� downgrade, downsize, and degazette protected areas (PADDD) [55].626

See the file emat.dfn in the Supplementary Materials file, data.zip for a627

complete list of ecosystem-affecting political actions as gleaned from political-628

ecological data acquired using the EMAT actions extractor.629

5.2 MPEMP computation630

Finding the MPEMP involves solving an optimization problem. This opti-631

mization problem is constrained by the requirement that any solution needs632

to produce values of the ecosystem submodel’s output variables that are close633

to the desired values at the desired point in time. This implicit constraint is634
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incorporated into the MPEMP optimization problem as a penalty function in635

a manner similar to how the constraint of maintaining a maximal fraction of636

model-to-observed action matches is incorporated into the CA optimization637

problem (see Appendix A).638

Only group submodel parameters can be variables in this constrained639

optimization problem. CA-estimated parameter values are used as starting640

values for all group submodels. During the optimization’s search, however,641

all ecosystem submodel parameters are held at their CA-estimated values.642

Doing so represents the assumption made in the MPEMP optimization prob-643

lem that ecosystem dynamics are not under anthropogenic control but group644

belief systems are. Therefore, realistic ecosystem management plans should645

be restricted to making small modifications to human beliefs – and hence hu-646

man behavior – rather than attempting to make changes to those ecological647

mechanisms that are represented in the ecosystem submodel.648

The preferred solution to the MPEMP optimization problem is a local649

one rather than a global one. This is because the MPEMP is the plan that650

requires the least change in existing beliefs to cause human behaviors to651

change enough to allow the ecosystem to reach a desired state. Existing652

beliefs are represented by the model’s CA-generated consistent distribution.653

Hence, a solution that is close to the existing beliefs of the modeled groups654

needs to be found.655

The objective function in an MPEMP optimization problem needs to656

include the ecosystem submodel. This because the effect of different sets of657

group actions on the ecosystem needs to be detected every time the objective658

function is evaluated. And, when the ecosystem submodel is stochastic as659

in the East African cheetah example herein, some method of handling the660

resulting stochastic objective function needs to be employed. Within SA-661

MDAS, the method given in [35] is used (see Appendix B).662

5.3 MPEMP algorithm663

5.3.1 Definitions664

1. The vector665

B =
[
B(Grp)′ B(Eco)′

]′
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contains parameters of the group submodels, and the ecosystem sub-666

model, respectively.667

2. Let the vector, Q(B) contain the monitored ecosystem submodel vari-668

ables whose values are generated by the ecosystem submodel using669

parameter values contained in B.670

3. Let qd contain the desired ecosystem state in terms of Q(.) along with671

the time when these values are to be achieved.672

4. Identify those actions that, if taken, would contribute the most towards673

the ecosystem submodel producing the values in qd. Also identify those674

actions that, if ceased, would raise the likelihood of the ecosystem sub-675

model producing the values in qd. Collect all of these desirable and676

undesirable actions into a set called cMPEMP .677

5.3.2 Algorithm678

The following mathematical form of the MPEMP algorithm extends the one679

reported in [31].680

1. Compute CA estimates of selected model parameters, i.e., up-681

date BH to the most recent set of consistent parameter values:682

BC .683

2. Compute qH ≡ E [Q(BH)].684

3. Specify qd and cMPEMP .685

4. Compute initial values for B(Grp) with CA’s Initialize step.686

5. Compute687

BMPEMP = argmax
B(Grp)

{
g
(Grp)
H (B)− ||E[Q(B)]− qd||

||qH − qd||

}
(5)

under the set of constraints specified by cMPEMP .688

Note that during the search in Step 5, B(Eco)
H is unchanged.689
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5.3.3 Quantifying political feasibility690

The mathematical form of the MPEMP algorithm supports one way to quan-691

tify the concept of a politically feasible ecosystem management plan: Asso-692

ciate political feasibility with gH(B(Grp)

MPEMP) ∈ (−∞, 0] where B(Grp)

MPEMP693

contains the parameters of the decision making submodels whose values have694

been modified from those in B(Grp)
H in such a way that now, the sequence of695

output actions taken by the different groups in the model causes a desired696

ecosystem state at a desired future time point (qd).697

Therefore, A model-based measure of an ecosystem management plan’s698

political feasibility can be defined as699

ψ ≡ g
(Grp)
H (B(Grp)

MPEMP)/(|g
(Grp)
H (BH)|+ 0.000001). (6)

The numerator is the agreement of the MPEMP distribution with the hy-700

pothesis distribution where large negative values indicate poor agreement.701

The first term in the denominator is the absolute value of the agreement of702

the model’s distribution with the hypothesis distribution – using parameter703

values from the hypothesis distribution itself. When approximation error is704

zero, this term is zero. Hence, g
(Grp)
H (B(Grp)

MPEMP) ≤ |g(Grp)
H (BH)|.705

A plan having a value of ψ << −1.0 will face stiff political resistance to706

its implementation because significant changes to the belief systems of one707

or more groups needs to happen – while a plan having a value close to -1.0708

should not face such strong political headwinds.709

5.3.4 ψ is not conceptually circular710

If a model-based measure of political feasibility is not dependent on data711

external to the model, it may be conceptually circular [56]. This can happen712

if its value is always the same under different sets of model parameter values.713

It is argued here that ψ is not a conceptually circular measure.714

Conceptual circularity exists when the premise of a concept contains def-715

initions that are present in the concept’s conclusion such that the concept716

is a truism, i.e., is always true. In other words, the concept’s premises and717

its conclusion can be inverted without changing the outcome. An example718

is the concept of the legality of abortion. One way to describe this concept719
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is with the following two statements. Premise: “Abortion is the intentional720

killing of a human being.” Conclusion: “Because the intentional killing of a721

human being is illegal, abortion should be illegal.” The premise implies that722

a fetus is a human being. In this case, because the conclusion concerns a723

human being, it is always true. These statements can be inverted as follows:724

Premise: “The intentional killing of a human being is illegal.” Conclusion:725

“Because abortion is the intentional killing of a human being, it should be726

illegal.”727

A recent example of a political feasibility score is one developed in [57].728

These authors form a Likert scale from six metrics that have been discussed729

in the political economy literature. The authors use this score to measure the730

political feasibility of several environmental management plans under review731

for mitigating air pollution in India. Their concept of political feasibility is732

not circular because their metrics are observable outside of their Likert scale733

model. This means that their score is not a truism but will instead, take on734

a value that is dictated by observations on their metrics.735

Here, because ψ is defined exclusively in terms of the political submodel’s736

parameters, it is indeed a model-based measure of political feasibility. The737

political-ecological data set that is used to compute the CA-generated con-738

sistent parameter values that in turn are inputs to the MPEMP algorithm,739

may ultimately produce a value of ψ that can be much smaller than -1.0,740

close to -1.0, or any value in-between. Therefore, the value of ψ cannot be741

determined by looking only at the model’s structure (its “premise”). Rather,742

a political-ecological data set and the model are both required before the743

value of ψ can be known. Therefore, although ψ is defined in terms of the744

model, its definition is not conceptually circular.745

5.4 Results746

The desired ecosystem state is 200 cheetah across Kenya and Tanzania in the747

year 2030. The parameters to be modified during the search for the MPEMP748

are those used in the above CA example with the addition of the parameters749

defining the node: Number of Cheetah Poached (NMPOACHED) under the750

proposed action of poach cheetah for protection for both Kenya rural residents751
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and Tanzania rural residents.752

These parameters are included in the MPEMP computation to study the753

feasibility of a two-pronged approach to cheetah conservation: Discouraging754

rural residents from poaching cheetah for cash while at the same time in-755

creasing antipoaching measures. To these ends, the SIIWP parameters are756

included in order to guide the amount of belief-change that would be needed757

to discourage rural residents from poaching cheetah for cash. And the NM-758

POACHED parameters are included in order to find how much antipoaching759

measures need to be increased in order to stop rural residents from poaching760

cheetahs for protection. Optimizing these two sets of parameters simultane-761

ously results in smaller changes to these parameters relative to the changes762

that would be required if only one of these sets was changed without changing763

the other. And smaller changes give the plan greater political feasibility.764

In summary, the CA computation modifies the SIIWP parameters con-765

cerning poach cheetah for cash. The MPEMP computation modifies the SI-766

IWP parameters concerning poach cheetah for cash and the NMPOACHED767

parameters conditional on poach cheetah for protection.768

5.4.1 MPEMP computation769

To begin the optimization computation at a feasible solution, initial values770

of the SIIWP parameters were modified to produce the following output771

actions by both the Kenya rural resident group, and the Tanzania rural772

resident group: no poach cheetah for cash actions, no poach cheetah for food773

actions; but high probabilities for the actions, poach cheetah for protection,774

and protest national park boundaries.775

The SA-MDAS optimization algorithm was run with three performers776

executing on 10 threads each. The run’s wall clock time was 2.75 hours.777

The initial MPEMP objective function value was -0.5734, and the final value778

was -0.4962 for a 7.66% increase. Phase one converged after 77 function779

evaluations and phase two after 48 function evaluations.780
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5.4.2 The computed MPEMP781

This run produces an MPEMP that is projected to allow an expected cheetah782

population size of 268 by 2030. This value is higher than the desired value of783

200 cheetah by 2030 and avoids the near extinction event at the end of 2029784

(only 53 cheetah) that is predicted by the model under the business-as-usual785

plan. The measure of the plan’s political feasibility, ψ is computed to be786

-1.019.787

Table 6 shows each parameter’s definition, its CA value, and its MPEMP788

value. In this Table, # Poached is the average number of cheetah poached789

per week by Kenya/Tanzania rural residents. SIIWP parameters define the790

perceived outcome by Kenya/Tanzania rural residents under the decision791

option to poach cheetah for cash. Perceived outcomes are will be arrested for792

poaching, will be evicted, and no interaction with police.793

These parameter value changes indicate that the MPEMP is to (a) change794

the belief in being arrested for poaching cheetah for cash from being perceived795

as negligible to being perceived as likely; and (b) increase antipoaching mea-796

sures to the point where Kenya and Tanzania rural residents each succeed in797

poaching less than five cheetah per week.798

The number of cheetah poached per week by Kenya rural residents and799

the number of cheetah poached per week by Tanzania rural residents were800

not adjusted during CA estimation run. Instead, these two parameters were801

held at their hypothesis values. These hypothesis values are both 5.0 – below802

the upper bound constraint value of 6.0 that is shared by these parameters.803

This value represents a significant amount of poaching and aligns with the804

hypothesis that these rural residents do not believe they will be arrested for805

poaching cheetah.806

33



Parameter Group Node CA MPEMP Change > 10% change?
1 kenrr # Poached 5.000 3.174 00.365 *
2 kenrr SIIWP 00.128 00.175 00.372 *
3 kenrr SIIWP 00.500 00.573 00.147 *
4 kenrr SIIWP 00.371 00.250 00.326 *
5 kenrr SIIWP 00.316 00.291 00.076
6 kenrr SIIWP 00.123 00.268 1.179 *
7 kenrr SIIWP 00.561 00.440 00.215 *
8 kenrr SIIWP 00.069 00.266 2.868 *
9 kenrr SIIWP 00.308 00.134 00.564 *

10 kenrr SIIWP 00.623 00.598 00.038
11 kenrr SIIWP 00.048 00.087 00.815 *
12 kenrr SIIWP 00.292 00.483 00.654 *
13 kenrr SIIWP 00.660 00.429 00.348 *
14 kenrr SIIWP 00.375 00.283 00.243 *
15 kenrr SIIWP 00.279 00.237 00.150 *
16 kenrr SIIWP 00.346 00.479 00.384 *
17 kenrr SIIWP 00.383 00.453 00.184 *
18 kenrr SIIWP 00.393 00.289 00.262 *
19 kenrr SIIWP 00.224 00.256 00.145 *
20 kenrr SIIWP 00.324 00.369 00.141 *
21 kenrr SIIWP 00.467 00.299 00.358 *
22 kenrr SIIWP 00.209 00.330 00.583 *
23 kenrr SIIWP 00.284 00.246 00.135 *
24 kenrr SIIWP 00.390 00.338 00.130 *
25 kenrr SIIWP 00.324 00.414 00.276 *
26 kenrr SIIWP 00.202 00.122 00.395 *
27 kenrr SIIWP 00.079 00.351 3.451 *
28 kenrr SIIWP 00.718 00.526 00.268 *
29 tanrr # Poached 5.000 2.025 00.594 *
30 tanrr SIIWP 00.746 00.393 00.471 *
31 tanrr SIIWP 00.217 00.402 00.856 *
32 tanrr SIIWP 00.037 00.203 4.492 *
33 tanrr SIIWP 00.330 00.427 00.295 *
34 tanrr SIIWP 00.053 00.087 00.655 *
35 tanrr SIIWP 00.617 00.484 00.214 *
36 tanrr SIIWP 00.229 00.255 00.114 *
37 tanrr SIIWP 00.174 00.613 2.525 *
38 tanrr SIIWP 00.597 00.131 00.780 *
39 tanrr SIIWP 00.881 00.258 00.706 *
40 tanrr SIIWP 00.075 00.352 3.696 *
41 tanrr SIIWP 00.044 00.389 7.848 *
42 tanrr SIIWP 00.271 00.182 00.328 *
43 tanrr SIIWP 00.459 00.238 00.481 *
44 tanrr SIIWP 00.270 00.579 1.147 *
45 tanrr SIIWP 00.578 00.370 00.359 *
46 tanrr SIIWP 00.025 00.252 9.089 *
47 tanrr SIIWP 00.397 00.377 00.049
48 tanrr SIIWP 00.195 00.182 00.063
49 tanrr SIIWP 00.420 00.387 00.077
50 tanrr SIIWP 00.385 00.429 00.116 *
51 tanrr SIIWP 00.319 00.632 00.984 *
52 tanrr SIIWP 00.187 00.163 00.123 *
53 tanrr SIIWP 00.493 00.203 00.588 *
54 tanrr SIIWP 00.356 00.272 00.235 *
55 tanrr SIIWP 00.210 00.273 00.300 *
56 tanrr SIIWP 00.433 00.453 00.048

Table 6: Parameter value changes needed to produce the MPEMP.
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5.4.3 The MPEMP’s political consequences807

Because of ψ’s modestly negative value, this MPEMP is expected to face808

moderate political resistance. A practical policy for implementing this MPEMP809

is to simultaneously (a) visibly increase antipoaching enforcement in both810

countries, and (b) communicate such increases to the rural residents of Kenya811

and Tanzania [58], [59].812

This fitted model and the political insights derived from it, are new.813

6 Discussion814

6.1 Institutional challenges815

The practice of political-ecological modelling to guide conservation efforts816

will advance as progress is made on the following challenges.817

1. Collaboration with the private sector is needed to tap their distributed818

autonomy; enormous reserves of talent; and enormous reserves of cash819

and credit [19], [18], [26].820

2. Better political-ecological data sets need to be acquired that, via cluster821

computer computations, can be used to statistically fit the parameters822

of these models. On the political side, observations need to be acquired823

on those private political agreements that often determine the fate of824

conservation legislation. On the ecological side, unrestricted and non-825

invasive monitoring of species abundance is needed. Currently, such826

data is often restricted because (a) owners refuse access to their prop-827

erties, and/or (b) data managers fear that poachers will hack into the828

data’s repository to locate wildlife [60].829

3. In order to make the statistical fitting of these models feasible to a830

wide spectrum of researchers, cluster computing resources need to be831

financially accessible to cash-strapped departments of ecology and de-832

partments of political science.833

One economical alternative to purchasing time on a commercial cluster834

computer is to organize some number of in-house computers into a835
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cluster computer. With the JavaSpaces-based SA-MDAS algorithm,836

this is a straightforward four-step build:837

(a) Install on an impresario, a dynamic domain name system (DDNS)838

[61] to give this computer a fixed domain name so that performers839

can locate its JavaSpace. A DDNS is acquired from an internet840

provider or from a DDNS provider. Fees can be either none; a841

fixed monthly charge; or a monthly, usage-based charge.842

(b) Verify that all performers can access the internet.843

(c) Install the Java Development Kit (free) and, optionally, the GigaS-844

paces XAP (annual lease) on the impresario and all performers.845

(d) On the impresario, compile the Java code exercised in this article846

(see Supplementary Materials).847

4. The credibility of political-ecological models in the eyes of their skeptics848

needs to be established by meeting Popperian credibility criteria that849

are based on frequentist statistical methods [20]. CA as applied herein,850

is one such method. Communicating to the public that extinction event851

predictions have been made by credible models may help the public take852

such messaging seriously rather than discounting such warnings as no853

more than scientist activisim [62].854

5. Group decision making mechanisms need to be better understood.855

Then, these newly-derived mechanisms need to be programmed into856

each group decision making submodel that runs within a political-857

ecological model. Also, computational models need to be developed858

that, through improved architectures, realistically integrate political859

and ecological processes. One such architecture employed herein is that860

of agent-based submodels communicating with each other and with an861

individual-based ecosystem submodel through a bulletin board archi-862

tecture.863

6. Increased financial and career support is needed for interdisciplinary864

research on the integration of political and ecological processes. Within865

academia, this support will be aided when (a) journal editors encourage866
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the publication of high-quality manuscripts that probe this interface867

[63], [64], [65]; and (b) departmental committees encourage tenure-track868

faculty to publish at this interface [66]. Outside academia, funding869

agencies need to seek out and fund high-quality proposals to build and870

test models of those political-ecological systems that contain at-risk871

species.872

7 Conclusions873

For purposes of biodiversity conservation, attention needs to focus on finding874

politically feasible projects aimed at conserving biodiversity. Earth is running875

out of time to save what remains of its biodiversity. MPEMPs need to be876

computed and implemented as soon as possible.877

The political-ecological models that will support these projects, can have878

their parameters statistically estimated via CA to political-ecological data879

sets acquired via the EMAT actions extractor. Use of CA to perform this880

parameter estimation, allows cognitive theories of decision making to be rep-881

resented in the final fitted models. Computations then can be performed882

with this fitted political-ecological model to produce an MPEMP.883

The CA and MPEMP optimization problems, however, are challenging884

to solve because they are bound constrained and have objective functions885

that are stochastic, possess multiple extrema, exhibit jump discontinuities,886

and are expensive to evaluate. SA-MDAS is currently the only optimization887

algorithm that can solve such problems. This algorithm makes these compu-888

tations feasible by scaling on the increasing availability of cluster computers.889

As per this article’s title, the MPEMP is how a political-ecological model890

can help sustain biodiversity. This article’s freely available MPEMP Con-891

structor can be immediately used by an organization to develop and imple-892

ment politically feasible and ecologically effective plans for conserving those893

at-risk species that they have selected to help preserve.894

Given the current negative trends in biodiversity, one might conclude895

that conservation research is futile and hence, should be abandoned. A re-896

cent meta-analysis, however, using data from many different conservation897

projects, finds that actually, conservation projects have been effective at898
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stopping or at least slowing the decline of biodiversity across the globe [67].899

Given this evidence, there is reason to believe that research products such900

as the MPEMP Constructor can help build a conservation science that is901

capable of guiding successful efforts to curb the loss of species regardless of902

their commercial value.903

7.1 Future work904

Work on this article’s political-ecological model and MPEMP Constructor905

will include the following.906

1. Parameters will be added to the Kenya/Tanzania pastoralist submodels907

in order to represent their beliefs about their likelihood of being arrested908

for poaching cheetah.909

2. The accuracy of the EMAT actions extractor will continue to be im-910

proved.911

3. The pcDE algorithm (see Appendix B) will be assessed for its ability912

to solve the CA, and MPEMP optimization problems. Its performance913

will be compared to that of SA-MDAS.914

Supplementary material915

All source code and input files that form the MPEMP Constructor toolkit are916

contained in the Supplementary Material section of this article. These files917

are java source.zip, scripts.zip, and data.zip. The first of these files918

contains all Java source code for the program id. The second file contains919

all needed Linux® shell scripts and Windows® batch files. The third file920

contains model definition files and all of the political-ecological data analyzed921

in this article. These three files are also available at either922

www.profitablebiodiversity.com/software923

or the Zenodo repository (see https://about.zenodo.org/policies/).924

Access Zenodo versions with the following digital object identifiers:925
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10.5281/zenodo.19653266 (April 19, 2026 version) or926

10.5281/zenodo.19653265 (all versions resolving to the latest).927

Step-by-step instructions for using the toolkit928

1. Download the above three files and unzip them.929

2. Install the latest Long-Term Support release of the Java Development930

Kit (JDK) from931

https://www.oracle.com/java/technologies/downloads/.932

3. Optionally, install the latest version of the Gigaspaces XAP from933

https://www.gigaspaces.com/downloads/.934

4. If on a Linux operating system, start a Linux terminal; if on a Windows935

operating system, start a command prompt DOS window.936

5. On Linux, compile id with the command937

sh compile.shl Run id.java938

On Windows, issue the command939

compile Run id.java940

6. On Linux, run the id interactions actions history example with the941

command942

sh idalone.shl kentan.id943

On Windows, run the command944

idalone kentan.id945

7. To run the example’s statistical estimation computation, do the follow-946

ing.947

(a) Edit the text file kentan.id so that the group of statements that948

make up the estimate nodes id relation is just below the context949

files statement group as per the following.950
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report estimate
estimate_nodes(2020.0 2026.0 2 (kenrr 1 SIIWP) (tanrr 1 SIIWP)

.5 1000 true true true no_plots_only)

report estimate
find_mpemp(2025.0 2031.1 2 (kenrr 2 SIIWP NMPOACHED)

(tanrr 2 SIIWP NMPOACHED) 1000)

report evaluate
id_interactions(2020.0 2026.1 1000)

(b) Rerun the id command file, kentan.id.951

8. To find the MPEMP, do the following.952

(a) Rename all *-cons.par files that were created by the statistical953

estimation run to *-hyp.par.954

(b) Edit kentan.id so that the find mpemp relation is just below the955

context files group.956

(c) Rerun the id command file, kentan.id.957

9. To run a parallel version of id, do the following. At the command958

prompt on a Linux cluster computer that uses SLURM [68] to manage959

batch jobs, run the shell script pesimpresario.shl with the command960

sbatch pesimpresario.shl kentan.id961

Each compute node on this cluster computer needs to have its own IP962

address. The shell script pesimpresario.shl will in turn, call the shell963

script pesperformer.shl as many times as specified by the964

nmclients= .965

line in pesimpresario.shl.966
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Appendix A: CA’s Initialize Algorithm and1288

Match Fraction Constraint1289

CA’s Initialize step finds starting parameter values by executing two subal-1290

gorithms. The first subalgorithm entails the sequential matching of action-1291

target combinations with those observed. This subalgorithm is as follows.1292

1. At each time point, check the match between the observed action-target1293

combination and the one generated by the group submodel. If they do1294

not match, replace the submodel’s action-target combination with that1295

observed.1296
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2. If this replacement causes the overall fraction of matches to become1297

smaller, reject this replacement.1298

3. If the end-time has not been reached, go to the next group submodel1299

or next time point. Otherwise, write this desired actions history to a1300

file and exit.1301

The second subalgorithm proceeds by adjusting submodel parameters un-1302

til model output matches as many action-target combinations in the desired1303

actions history as possible – regardless of its agreement with the hypothesis1304

distribution.1305

Maintaining the maximal match fraction1306

Because of the potential for jump discontinuities during CA or MPEMP1307

computations, it is important to not accept any trial solution space points1308

that cause the match fraction to become smaller than the value achieved in1309

CA’s Initialize step. This implicit constraint is enforced by adding a large1310

penalty to the objective function if a trial solution space point causes the1311

trial match fraction to be smaller than that found in the Initialize step.1312

Use of such a penalty function to represent an implicit constraint, works in1313

SA-MDAS because numerical instabilities that might be caused by explosive1314

numerical derivative computations cannot happen because SA-MDAS does1315

not compute numerical derivatives.1316

Appendix B: SA-MDAS Tests, Details, and1317

Comparisons1318

SA-MDAS performance on analytic objective functions1319

SA-MDAS is used to solve Bukin’s F4 and F6 functions [69]. These functions1320

have a pathological number of non-global minima [70]. Haas [31] reports that1321

MDAS solves Bukin’s F4 function. Using ns = 60 (see [30]), a chain length1322

of 10, and 10 performers, SA-MDAS finds the global minimum solution to1323

Bukin’s F4 function in 12,353 objective function evaluations.1324
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SA-MDAS, however, fails to find the global minimum solution for Bukin’s1325

F6 function. But when the global search phase of SA-MDAS is allowed to1326

run to convergence rather than switching to its local search phase, the global1327

minimum of this function is found after 4,716,030 function evaluations.1328

Based on these experiments, SA-MDAS appears to be able to (a) find1329

solutions to real-world conservation optimization problems that have fewer1330

modes than Bukin’s F4 function, and (b) find the global minimum of a highly1331

multi-modal function when nearly unlimited computing power is available.1332

Continuous variables1333

All parameters in the political-ecological model studied in Section 4 are con-1334

tinuous. Hence, a method is needed for applying SA to continuously-valued1335

variables. Here, the method developed in [30] is used. One way to specify1336

the length of SA’s Markov chain, i.e., the number of passes through SA’s1337

inner loop, is to define it to be the size of the neighborhood surrounding the1338

current solution point [33, p. 65], i.e., the number of points reachable in one1339

move. The number of such points can become large.1340

The authors of [30] take a different approach. They define their ns con-1341

stant to be how many times each variable is subjected to trial moves within1342

one pass through SA’s inner loop. Each variable is subjected to these ns1343

trials sequentially. Consequently, the value n × ns becomes in-effect, their1344

chain length. These authors do not attempt to equate their de-facto chain1345

length definition with the number of possible points accessible in one move1346

– and instead, simply recommend ns be set to 20. In SA-MDAS, however,1347

a move always consists of a possible step-change on each and every variable.1348

Therefore, in SA-MDAS, ns is the number of times that moves are made1349

within one pass through SA’s inner loop.1350

As in [30], SA-MDAS recomputes each variable’s step length every pass1351

through the outer loop. Except for initialization, step length updates in1352

SA-MDAS use equations given in [30, p. 267].1353

The step length’s “varying criterion,” [30] and the step lengths themselves1354

need to be initialized. This is accomplished by first assuming that the median1355

is returned by the uniform random number generator on the unit interval,1356
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i.e., the value 0.5. Then, the initial median step length is initialized to be1357

the width of the widest set of the n bound constraints divided by 50 – and1358

then multiplied by this median value. The chain length is fixed at the value1359

10× ns where ns = 3.1360

The continuous-variable scheme of [30] for SA maintains an approximately1361

50% acceptance rate at every temperature, t. But this is accomplished by1362

progressively making the step length along each variable, smaller. Hence, as1363

the temperature decreases, the chance that SA will break into a significantly1364

more optimal subspace becomes small since, as the temperature decreases, a1365

typical move will be close to the current point. Hence, at some temperature,1366

the global search capability of SA will become practically nonexistent. This1367

characteristic of SA as applied here to continuous variables is the motivation1368

for the algorithm’s switch from SA in phase one (global search) to MDAS in1369

phase two (local search).1370

Stochastic objective functions1371

SA-MDAS can handle stochastic objective functions using a method devel-1372

oped in [35]. These authors define a “time” variable, t. To avoid confusion1373

with this article’s notation for “temperature,” u is used here to refer to this1374

variable. In the method developed in [35], instead of evaluating the objective1375

function once when a “score” evaluation is needed by SA, the function is1376

evaluated nu times at the same point in the solution space. These nu values1377

are then averaged and returned as the score value at that point. The size of1378

nu increases as u (time) increases.1379

The value of u is updated every pass through the outer loop with u = u+ζ1380

where ζ is a realization from the Exponential(1.0) distribution. Because1381

the expected value of this distribution is 1.0, this update is, on average,1382

adding the value 1.0 to u every pass through the outer loop. Addition of1383

this stochastic term rather than the addition of the fixed value 1.0 to u every1384

pass through the outer loop is necessary to allow the chain of SA-generated1385

solutions to be modeled as a continuous-time Markov process. This is the1386

model that is assumed by the authors of [35] in their proof of the method’s1387

convergence.1388
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Their method also requires a monotone, increasing function mapping u1389

to nu. SA-MDAS uses the function1390

nu = f(u) =
⌊√

u/u0

⌋
(7)

where ⌊.⌋ is the floor function and u0 is the starting value of u.1391

In contrast to Step (g) of the algorithm in Section 3.4, the method given1392

in [35] has the temperature, t decreased by some function of u such as t = 1/u.1393

But doing so would have ignored the standard deviation of the objective1394

function as estimated after each pass through SA’s inner loop. Hence, SA-1395

MDAS employs the finite time algorithm given in [33] to decrement t rather1396

than the function used in [35].1397

Inter-performer coupling1398

By executing MPE in the algorithm’s Step (i) (Section 3.4), SA-MDAS cou-1399

ples the performers to each other by allowing them to always begin their1400

respective chains at the current best solution that was found across all per-1401

formers during the last outer loop iteration.1402

Message-passing overhead1403

Spreading tasks across a cluster of performers as is done in SA-MDAS is1404

known to have some amount of latency [71]. Here, such latency is viewed as1405

a minor issue because the optimization problem’s objective function, being1406

composed of interacting agent/individual stochastic submodels, is computa-1407

tionally expensive to evaluate. Hence, most of the compute time needed to1408

estimate the parameters of the political-ecological model will typically be1409

taken by objective function evaluations rather than by inter-node messaging.1410

To verify this conjecture, an experiment was conducted using Bukin’s1411

F4 function. This function takes very little compute time. SA-MDAS was1412

run on a WindowsTM laptop computer with 32 GB of memory running at1413

1.2 GHz. Doing so resulted in SA-MDAS requiring 1.62 seconds to compute1414

192K evaluations of Bukin’s F4 function. SA-MDAS was next run on the1415

TSCC to perform 1,400 evaluations of this same function using two perform-1416

ers communicating with the impresario through a GigaSpace. Wall clock1417
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time for these evaluations was seven minutes. Almost all of this time was1418

devoted to inter-node message-passing. These values suggest that a GigaS-1419

paces implementation of SA-MDAS requires about 0.3 seconds to complete1420

a round-trip, i.e., the posting of a task to the GigaSpace, a performer down-1421

loading the task, uploading the result, and the impresario taking the result1422

off of the GigaSpace. Note that a round-trip does not include the objective1423

function’s evaluation.1424

Let x be the number of minutes needed to evaluate the objective func-1425

tion. Assume a 100-node cluster computer is available. Then, the break-even1426

function evaluation time can be estimated by solving for x in:1427

192000x = 192000x/100 + 192000(0.3/60) (8)

The left side of 8 is the time needed to compute 192K function evaluations1428

on a single-processor computer, while the right side is the time needed to1429

compute the same number of evaluations on a cluster computer running 1001430

nodes in parallel. Equation 8 can be written as 0.99x = 0.3/60, i.e., x is1431

approximately equal to the roundtrip time. Hence, for expensive functions,1432

cluster computing can speed-up black-box optimization problems even when1433

round-trip times are as large as 0.3 seconds. And further, this speed-up1434

increases as the objective function’s evaluation time increases.1435

In the example of Section 4.4.4, one evaluation of CA’s objective function1436

requires at least 60 seconds. Given this level of computational expense, an1437

optimization algorithm that scales on the increasing availability of cluster1438

computer nodes, is currently, the only feasible way to statistically fit a large1439

political-ecological model to data.1440

SA-MDAS compared SA, Random Search, and HJ1441

The optimization problem of least sum-of-squares possesses a very smooth,1442

unimodal objective function. Using only phase one (SA), SA-MDAS needed1443

3,780 evaluations to solve a 27-variable least sum-of-squares problem. Whereas1444

an HJ algorithm [31] needed 1,725 evaluations, and a Random Search algo-1445

rithm [72] needed 1,568 evaluations. These latter two algorithms are local,1446

nonstochastic, and do not scale well as neither can make use of more than1447

one compute node.1448
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Similar to PACSA, SA-MDAS phase one mainly uses parallel processing1449

to store the end result of many chains to increase the chance that it will1450

find the global minimum point – not necessarily to speed up the solution1451

time [32]. In other words, the focus of SA-MDAS phase one is to find the1452

global minimum, not to speed up the solution. Even with this caveat, SA-1453

MDAS phase one takes only about twice as long to solve a 27-variable least-1454

squares problem as do two strictly local-search algorithms.1455

SA performs global search through decisions to probabilistically accept1456

uphill moves (worse objective function values) rather than delineating a par-1457

titioning of the solution space first and then evaluating the function at some1458

point in each partition as is done for example, in [73]. Such a partitioning-1459

then-evaluation approach to global optimization results in many objective1460

function evaluations regardless of whether they end up being uphill or down-1461

hill values. Further, there is an implicit assumption that all points within1462

a partition have function values that are similar to the value at the single1463

point actually evaluated in that partition.1464

MDAS, being more focused on local search than SA, employs many per-1465

formers to1466

1. Perform limited global search (up to them dimensions (variables) being1467

searched simultaneously), and1468

2. Produce a speedup from the sequential HJ algorithm by evaluating the1469

objective function at all m-dimensions-ahead search points simultane-1470

ously rather than sequentially.1471

Covariance Matrix Adaptation Evolutionary Strategy,1472

Bayesian Optimization, and parallel Compact Differen-1473

tial Evolution1474

Covariance Matrix Adaptation Evolutionary Strategy (CMA-ES) assumes1475

the objective function is continuous [74] and hence is not designed to solve1476

constrained, stochastic black-box optimization problems wherein the objec-1477

tive function may exhibit jump discontinuities at unknown points in the1478

search space.1479
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Bayesian Optimization (BO) uses a kriging step to decide on its next1480

move. Because of this gaussian-based move strategy, BO assumes that the1481

objective function is continuous and differentiable [75]. BO has been adapted1482

to run on a cluster computer [76]. These authors develop and test an algo-1483

rithm that efficiently uses many compute nodes to solve an multi-objective1484

optimization problem that consists of several continuous and differentiable1485

objective functions. Their algorithm uses a heuristic approach to noisy ob-1486

jective functions (called there, noisy simulators. References are given to1487

convergence proofs that apply to the case of deterministic objective func-1488

tions.1489

The authors of [77] use feasibility regions (partitions) to extend BO to1490

the case of objective functions that exhibit jump discontinuities. See above1491

for issues with partitioning approaches to handle jump discontinuities.1492

An evolutionary algorithm that can solve an optimization problem by1493

harnessing many compute nodes, is the “parallel Compact Differential Evo-1494

lution” (pcDE) algorithm of [78]. pcDE is an extension of the Compact1495

Genetic Algorithm (CGA). By running pcDE on multiple compute nodes,1496

the algorithm’s instability can be reduced and its efficiency improved [78].1497

Within the algorithm, noise is added to the (possibly) noisy objective func-1498

tion to avoid having the solution sequence settle into a local extremum.1499

A proof of CGA’s convergence to a local extremum is given in [79]. The1500

classic Differential Evolution (DE) optimization algorithm lacks a proof of1501

convergence to the global extremum. A modified version of this algorithm,1502

however, does enjoy a proof that, given an infinite sequence of populations,1503

the algorithm will arrive at the global extremum [80].1504

SA-MDAS compared to CMA-ES, BO, and pcDE1505

Based on the above, pcDE appears to have the greatest potential for solv-1506

ing bound-constrained optimization problems wherein the noisy objective1507

function is multi-modal and has jump discontinuities. This evolutionary1508

algorithm is similar to SA and could be modified so as to guarantee its con-1509

vergence to a global extremum. BO would need significant research before1510

such a statement could be made of it.1511

Hence, currently (circa 2026), among all known algorithms for finding1512

58



on a cluster computer, the global maximum of a noisy, multi-modal function1513

that possesses jump-discontinuities at unknown points, SA-MDAS appears to1514

be (a) the most theoretically understood, and (b) the most free of restrictive1515

conditions on the objective function. Therefore, SA-MDAS is advanced here1516

as the algorithm of choice for finding the MPEMP to manage a political-1517

ecological system with the end-goal of conserving one of its at-risk species.1518

The objective function of the MPEMP optimization problem makes this1519

problem challenging. Although SA-MDAS is one of a few algorithms capable1520

of solving this problem, (possibly) more efficient algorithms for its solution1521

that scale on cluster computers are needed. To this end, extending pcDE to1522

solve the MPEMP problem is planned for future work (see above).1523

Appendix C: EMAT Actions Extractor Error1524

Assessment1525

The EMAT actions extractor includes a procedure for assessing the accuracy1526

of the machine detection of actions from online sources. Here, a particular1527

online source is referred to as a story. This detection accuracy task is similar1528

to inter-coder reliability except that here, only physical actions are detected1529

rather than the presence and/or strength of an expressed sentiment towards1530

an action or object [81]. The authors of [82] find that detecting an action in1531

text is a less subjective task than the task of judging the amount of sentiment1532

being expressed in a text.1533

Haas [25] gives a procedure for estimating the types of errors that the1534

protocol can make. These error types are as follows.1535

1. The protocol returns an action from a story but either a different action1536

is present in the story or there is no action in there at all. Haas [25]1537

calls this return a spurious action. This error is a failure of the EMAT1538

action parsing/lookup algorithm that operationalizes the protocol.1539

2. The protocol fails to return any action when, in actuality, an action is1540

indeed present in the story. This error is also a failure of the EMAT1541

parsing/lookup protocol.1542
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3. The protocol fails to detect a source, actor, subject, date, country,1543

and/or region for the action.1544

Here, the accuracy assessment procedure given in [25] is modified to focus1545

only on the first of these error types. This is because1546

1. The EMAT action parsing/lookup algorithm uses pre-formed verb phrases,1547

direct object phrases, and prepositional phrases. If these preformed1548

phrases are not comprehensive for the content domain they are applied1549

to, action-identification errors can occur.1550

2. Because the protocol exhaustively searches for verb, direct object, and1551

prepositional phrases, the likelihood that it completely misses an action1552

contained in the story is low. Hence, this type of error is not assessed1553

here.1554

3. The third error type is not caused by parsing errors but instead, is due1555

to string-comparison failures. With comprehensive files containing the1556

domain’s actors, dates, countries, and regions, these types of errors are1557

infrequent. Such comprehensive files have indeed been prepared for the1558

cheetah-hosting political-ecological system that is studied herein.1559

The error assessment procedure is as follows. Let ntrue be the number1560

of human-extracted actions from a collection of story files. Let ncorrect be1561

the number of actions out of the ntrue actions that were correctly extracted1562

by the protocol. Let nspurious be the number of the ntrue actions that were1563

misidentified by the protocol. Let rspurious = nspurious/ntrue be the protocol’s1564

spurious action rate.1565

When the protocol executes, an extraction assessment file is written that1566

contains story texts along with those actions extracted by the protocol. The1567

values of rcorrect = ncorrect/ntrue, and rspurious can be computed by manually1568

reading this extraction assessment file and noting the number of true actions;1569

the number of extracted actions that match true actions; and the number of1570

extracted actions that are spurious. Using these values, the protocol’s accu-1571

racy is estimated with ncorrect/ntrue, and its chance of returning a spurious1572

action is estimated with nspurious/ntrue.1573
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The protocol was run on two story files containing stories from 2023 and1574

2024. The author read the resulting assessment file and computed ntrue =1575

25, nspurious = 2, rspurious = 0.08, and rcorrect = 0.92. Based on this error1576

assessment exercise, the EMAT actions extractor appears to be at least 90%1577

accurate, while exhibiting a low rate of spurious action detections.1578
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