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S1 Model development

As general background for the construction of the coupled ecological-economic-natural enemy models,

we present a brief overview of well-known and basic classical models in population ecology and infectious

diseases of humans (Section S1.1.1), renewable resources (Section S1.1.2), agricultural pests (Section 1.1.3),

and economic growth theory (Section S1.1.4). These models are coupled together in various ways in Section

S1.2. Dynamical properties and bifurcation diagrams illustrating the dynamics of some of the systems are

presented in Sections S3.2-S3.3, while sensitivity analyses results are presented in Section S4.
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S1.1 Basic elements of the coupled models

S1.1.1 Population biology and infectious disease models

Classical models in population biology assume the general form:

ẋ = ψ(x)− δ(x)x,

where ψ and δ are the population growth (e.g., birth and immigration) and loss (e.g., mortality and emigra-

tion) rates. The simplest case is when ψ(x) = λx and δ(x) = µ, where λ > 0 and µ > 0 are constants so

that the population experiences exponential growth (decay), when λ > µ (λ < µ). However, for biological

realism, density dependence is introduced in the growth or loss rate or in both. Typical functional forms to

represent density dependence include logistic growth and Holling-type I, II and III functional responses (for

linear, saturating and sigmoidal variation with density, respectively). More mechanistic representations of

the limits to growth consider “natural enemies” in the form of predators, competitors, pathogens, etc. These

systems require at least two equations–one for the population and the other for the enemy1.

Basic reproduction number

D
is
ea
se

p
re
va
le
n
ce

Disease prevalence

T
ra
n
sm

is
si
on

,
re
m
ov
al Transmission

Removal

Schematics

Transmission

Recovery

Births

Natural deaths

Disease deaths

Natural deaths

Susceptible Infectious

Stable EE

Stable DFE

Unstable DFE

(b) (c)(a)

Figure S1: Schematics and dynamics of simple disease model. (a) Transitions between the susceptible
(healthy) and infectious (unhealthy) compartments. Individuals are born susceptible and die at a natural
rate, while infectious individuals may die naturally or from infection. (b) Equilibria occur where disease
transmission intersects removal (recovery and mortalities) from infection. A maximum of two equilibria,
a disease-free equilibrium (open circle) and an endemic equilibrium (closed circle), is possible. (c) Bifur-
cation diagram showing a globally stable disease-free equilibrium (DFE: solid red line) when the basic
reproduction number is less than one, and a globally stable endemic equilibrium (EE: solid blue line) when
the basic reproduction number is greater than one.
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While there is a variety of potential natural enemies of humans, here we focus on infectious diseases

because of their pervasiveness, especially in populations afflicted by poverty. As a broad ecological class,

infectious diseases are the most important cause of morbidity and mortality of most biological species,

including humans throughout history and of the poor today. Models of infectious disease dynamics are

typically based on a classical compartmentalized formulation2–6, the most basic of which consists of two

states: susceptible (uninfected and non-immune individuals), denoted by S̃, and infectious (those infected

and who can transmit the disease), denoted by Ĩ , with the total population size given by N = S̃ + Ĩ .

This model and the many variants, which include other states such as “exposed” and “recovered” have

been useful in providing insights into the dynamics of many diseases of humans, animals and plants. For

simplicity, we focus on susceptible-infectious-susceptible (SIS) models (schematics and sample dynamics

in Fig. S1 (a)-(b)), which have been applied to many kinds of bacterial and helminth infections, including

diarrheal pathogens and sexually transmitted diseases that do not trigger permanent immune response. The

model is governed by the system of first order ordinary differential equations:

˙̃S = λN + γĨ − βĨ

N
S̃ − µS̃, (S1)

˙̃I =
βĨ

N
S̃ − (γ + µ+ ν)Ĩ . (S2)

where λ is the birth rate, β is the transmission rate, γ is the recovery rate, µ is the natural mortality rate, ν

is the disease-imposed mortality rate. Because N = S̃ + Ĩ , if we set S̃ = N − Ĩ , then Equations (S1)-(S2)

reduce to the single equation:

˙̃I =
βĨ

N
(N − Ĩ)− (γ + µ+ ν)Ĩ , (S3)

which assumes the form of the general equation for the natural enemy (Equation (2)) in the main text. Setting

I = Ĩ/N , where I is the proportion of infectives, Equation (S3) becomes:

İ = β(1− I)I − (γ + ν + λ)I + νI2. (S4)

Equation (S4), has one stable infection-free equilibrium (DFE: solid red line in Fig. S1 (c)), I0 = 0,

when 0 < R0 < 1, and one globally stable endemic equilibrium (EE: solid blue line in Fig. S1 (c))
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I∗ = (γ+ν+λ)(R0−1)
β−ν , when R0 > 1. The basic reproduction number, R0 = β

γ+ν+λ , represents the average

number of new infections in a susceptible population, which are attributable to one infectious individual

over its whole infectious period7, 8.

S1.1.2 Renewable resource model

Plant density, agriculture, or renewable resource is modeled through the plant-grazing framework of Noy-

Meir9 or the plant growth frameworks in van de Koppel et al.10 and Rietkerk and van de Koppel11. These

models explore the impact of limiting factors such as water availability on plant growth. In their basic

forms, these models and others use the classical logistic growth function12 with adjustments to account for

harvesting and processes that reduce plant density such as grazing by herbivores. The general framework is:

ċ = ψ(c)− δ(c)c, (S5)

where c is the the plant standing of crop, ψ is the plant growth term and δ is the plant loss term. In

addition to the logistic functional form, ψ can be modeled through other nonlinear functional forms13, while

the loss rate function δ can be modeled using various Holing-type functional responses or other nonlinear

forms. In Noy-Meir9, ψ is modeled using the logistic functional form rcc(1 − c/C0), where rc is the

intrinsic growth rate of the plants and C0 is the carrying capacity, while in van de Koppel et al.10, ψ is

modeled with the equation ψ(c) = rcc(1 − c/C0)ζ(W ), where the function, ζ(W ) captures the effect

of plant growth limiting factors such as water or salt level on plant growth. We adopt the same kind of

framework here, with c representing renewable resource density and rc the renewable resource intrinsic

growth rate. These renewable resource equations can be adapted, with slight modifications to other coupled

agricultural processes including livestock and fishery. They can also be extended to incorporate economic

growth theory, if the limiting factor of plant growth or the renewable resource is viewed as capital, which,

of course, provides one way of coupling the renewable resource and economic growth models.

4



S1.1.3 Agriculture-pest model

This model is based on the classical predator-prey framework14 with the pest p, serving as the predator and

the crop c, the prey. The framework in Hillier and Birch15 is:

ċ = rcc(1− c/c0)− bcp, (S6)

ṗ = ωbcp− dp, (S7)

where rc is the intrinsic agricultural product growth rate, c0 is carrying capacity, b is a measure of the rate

at which the agricultural product is consumed by the pest, 0 ≤ ω < 1 is the conversion factor from crop

biomass to pest biomass, and d is the pest mortality rate. This model can easily be extended to account

for multiple pest species (see Hillier and Birch15). We briefly recall the dynamics of Equations (S6)-(S7)

(see references15, 16 for details). The model exhibits a trivial equilibrium E∗0 = (0, 0) and two additional

equilibria–E∗c = (c0, 0) and E∗cp = (d/(brc), 1 − d/(c0brc)). The equilibrium point E∗0 is unstable, E∗c is

stable when d/(c0brc) > 1, and E∗cp is globally stable when d/(c0brc) < 1. Stability of E∗cp implies co-

persistence of the crop and pest. As with the infectious disease and renewable resource models (Equations

(S4) and (S4), respectively), the crop-pest model (Equations (S6)-(S7)) can have only one stable equilibrium.

S1.1.4 Economic growth model

In the economics literature, income generation is often modeled from “production functions”, where Y =

Y (X, L), is output or income, L is labor, and X is a vector of different forms of capital. The standard

neoclassical economic growth model17 originally focused on physical capital (e.g., infrastructure and equip-

ment), but other subtler forms of capital, such as human capital (education or health), have become routinely

incorporated into models of economic growth. As for biological populations, economic growth can be mod-

eled as a dynamical system (schematics in Fig. S2 (a)), where capital is a state variable:

Ẋi = riY (X)− δiXi, i = 1, 2, 3, . . . ,M.
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The subscript i refers to a specific form of capital, r is the rate of capital accumulation (i.e., savings), and δ

is the rate of capital depreciation (schematics are presented in Fig. 1(a)). Economic growth is thus generated

from a system of reinforcing feedbacks, where income that is not consumed is reinvested into capital. A

simple example of a production function is the Cobb-Douglas18:

Y (X, L) = A
M∏
i=1

Xαi
i L

1−(
∑M
i=1 αi) ,

where A is a productivity term (technological progress, total production factor, or labor efficiency), and α

is the production elasticity (the percent change in output that results from a percent change in capital). A

common assumption is that the inputs exhibit decreasing returns to scale, such that
∑

i αi < 119. We can

express A, as A = φΦ
1−(

∑M
i=1 αi) , where φ is a positive constant and Φ

1−(
∑M
i=1 αi) is some labor coefficient

or labor efficiency. Per capita units can be calculated by dividing income and the various forms of capital

by labor, L, i.e., y = Y/L and xi = Xi/L, which yields y = A
∏M
i=1 x

αi
i , where A = φΦ

1−(
∑M
i=1 αi) , and

ẋi = riy − (δi + n)xi. (S8)

The xi’s thus represent different forms of capital per “effective units of labor”, y represents income per

effective units of labor and n is the rate of per capita population growth.
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Figure S2: The neoclassical growth model: Ẋ = rY (X) − δX . (a) Schematics. Through the production
process, capital generates income. A portion of the income is consumed, while the other portion is reinvested
into capital. Capital is lost through depreciation. (b)-(d) The y-axis represents the rate of change in capital,
and the x-axis depicts the stock of capital. The growth rate of the economy depends on the investment,
rY (X) (blue line) relative to depreciation δX (red line). Equilibria are given by the intersection between
the investment and depreciation curves. When investment is above depreciation, capital accumulates and
the economy grows. When investment falls below depreciation, capital is lost and the economy shrinks. The
traditional model depicted in (b)-(c) has one unstable equilibrium (open circle) at the origin and one stable
equilibrium, and thus the system is globally stable. (c) Persistent poverty can be caused by a low savings
rate, r. (d) Poverty trap caused by a nonlinear capital accumulation curve, such that the rate of investment is
lower than the rate of depreciation in part of the state space. An unstable equilibrium is sandwiched between
two stable equilibria, depicting bistability20.

Models of economic growth can allow us to explore concepts of economic stagnation, such as “poverty

traps”, defined as self-reinforcing systems that cause poverty to persist20–22. Using this framework, a poverty

trap is characterized as an equilibrium level of income that is low and stable. Figure S2 (b)-(c) depicts the

simplest conceptualization of a poverty trap using the neoclassical growth model, where the difference

between the two stable equilibria, denoted by filled circles, is determined by different parameters: the de-

velopment equilibrium, DE (Fig. S2 (b)), results from a high savings rate, r, and the persistent poverty,

PP (Fig. S2 (c)), results from a low savings rate. In either case (Fig. S2 (b)-(c)), the stability is global and

therefore all initial conditions result in the same final outcome. In contrast, the more canonical depiction

of a poverty trap is characterized by multiple locally stable equilibria, such that the outcome is dependent

on initial conditions of the state variables and a market or environmental shock can push the system from

the basin of attraction of one locally stable equilibrium to the other (Fig. S2 (d)). This can result, for ex-

ample, when the rate of savings is itself a nonlinear function of capital, r = r(x), or from nonlinear capital

accumulation curves (Fig. S2 (d)). Populations with initial levels of capital that are less than the threshold

7



level (the unstable equilibrium denoted by the open circle) are in the basin of attraction of the poverty trap

(investment < depreciation), while capital levels that are greater than the threshold level, fall in the basin

of attraction of the good (or rich) equilibrium (investment > depreciation)20, 23. Important questions for an

ecological framework relate to how biological processes influence capital accumulation.

S1.2 Specific coupled models formulated under the general framework in the main text

The general framework for coupled ecological-economic systems is presented in the body of the main paper

(Equations (1)-(2)). In this section, we present a series of specific models, including those in the main

text, that combine the dynamics of capital with those of disease and renewable resources. We first present

systems (i)-(vi) in Table 2 of the main paper, and include a further set of variations (including systems

(vii)-(viii) in Table 2 and the additional systems listed in Table S1) on these initial models that allow for

further complexity, including explicit demography. Tables 2 and S1 summarize the specific components

of each of the models. Consideration of a broad range of models allow us to address the generality of the

results, especially those on the sensitivity analyses (Section S4).

S1.2.1 Models (i)-(iii) in the main text: coupled disease-economic growth models

Infectious disease models can be coupled to economic growth models through two underlying principles

for which there is overwhelming empirical evidence: 1) income influences the transmission and recovery

rates of diseases; and 2) disease influences income through human capital and population growth. Although

different functional forms can be employed to reflect how income may affect disease dynamics, here, we

present one general class of functions for the transmission rate β, and the recovery rate γ, that can give rise
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to a wide range of specific relationships depending on the specific parameters:

β(y) =
βmaxβ

κ
y

y(t)κ + βκy
, (S9)

γ(y) =
γminγy(y(t)κ + y0)

y′0(y(t)κ + γy)
, (S10)

where κ > 0 is a constant that determines the shape of β and γ (linear, concave or sigmoidal), βmax >

0, βy > 0, γmin > 0, γ′0 > 0, and γy > y0 > 0 are exogenous parameters, with βmax and γmin representing

maximum transmission and minimum recovery rates respectively, and βy is the amount of income necessary

to attain half the disease transmission rate. Though the specific shape of these functions depends on the

parameters, they broadly imply that as income rises, the transmission rate falls and the recovery rate rises

(as a result of better access to preventive care, sanitation, clean water, better hygiene, nutrition, education,

etc.), which corresponds to the assertion that poverty is an underlying cause of disease24, 25.

The mechanism through which disease influences economic growth can be through the accumulation

of human capital:

r(I) = rhΦ(I), Φ(I) = (1− ξI)m, (S11)

where the parameter rh can be considered the rate of spending on education or other activities for child

development, which converts to human capital at a rate that depends on the health of the child. This structure

is based on substantial evidence that diseases can cause significant decreases in school performance and

attendance, even for infections, such as helminth infections, that have little outward signs of morbidity26, 27.

Equation (S11) indicates that the maximum accumulation of human capital, r, occurs when the disease

burden, I , is 0. Conversely, the rate of human capital accumulation approaches 0 as the disease burden

approaches 1. The parameters m and ξ determine the curvature presented in Fig. 1. Disease burdens can

be measured in variety ways, including in particular disability adjusted life years (DALYs) and disease

prevalence. If we assume here, for heuristic purposes, that all infections have an equal effect on reducing

human capital accumulation (e.g., through school absence), then m (Equation (S11)) can be interpreted as

the number of different pathogens in the system. Host-parasite models that examine the dynamics of multiple
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pathogens have increasingly complex transient dynamics; for simplicity, we maintain the host population

at a constant density and assume no immunological or competitive interactions between the pathogens. On

the other hand, 0 ≤ ξ ≤ 1 represents the severity of the pathogens on the ability to invest. For example, if

ξ = 0, the diseases have no impact on the process of human capital accumulation.

Disease can also influence economic growth by reducing labor productivity and hence income directly,

e.g., when sick people cannot work– in which case per capita income is:

y(x, I) = φf(x, I) = φΦ(I)
(1−

∑M
i=1 αi)

M∏
i=1

xαii , i = 1, 2, 3, . . . , l, (S12)

where f(x, I) = Φ(I)
(1−

∑M
i=1 αi)∏M

i=1 x
αi
i . Here, A(I) = φΦ(I)

(1−
∑M
i=1 αi) , and Φ(I) = (1 − ξI)m.

Figure S3 shows one way of coupling models that are rooted in population ecology and economic growth.
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Figure S3: (a)-(b) Functional relationships between the transmission rate β, the recovery rate γ, and per
capita income y. The nonlinearity and thus the possibility of multiple equilibria increases with the shape
constant k, from the solid blue curve to the dashed magenta curve. (c) Functional relationship between the
rate of investment in human capital h, and disease prevalence I . The relationship is constant when there is
no pathogen (solid blue line), i.e., r = rh; linear and monotonic decreasing in the presence of one pathogen
(solid green line), i.e., r = rh(1 − ξI) and nonlinear, with the nonlinearity increasing with the number of
pathogens in the presence of more than one pathogen (dashed curves), i.e., r = rh(1− ξI)m,m > 1.

With β, γ, and r as defined in Equations (S9)-(S11), we recover the type of basic coupled model

presented in Ngonghala et al.23, by setting ξ = 1, which corresponds to cases where children stop attending

school for the duration of infection, y = f(0, h, 0) = φΦ(0)hαh = φhαh , n = 0, i.e., the population size
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is constant (the disease is non-fatal, and births and deaths are equal), κ = 1, and by assuming that there is

only one form of capital (human capital, h). The system is:

ḣ = rh(I)y − δhh, (S13)

İ = β(y)(1− I)I − γ(y)I, (S14)

This basic model corresponds to Model (i) described in Table 2 of the main text. The difference between

this model and that in Ngonghala et al.23 is in the production function (Cobb-Douglas18 here as opposed to

constant elasticity of substitution17, 28 in Ngonghala et al.23). Since the dynamics of many infectious diseases

occur on shorter time scales than economic dynamics, which can occur over the course of generations, we

assume that infectious disease dynamics quickly reach a quasi-steady state. Thus, solving for a “quasi-steady

state” in disease (i.e., where İ = 0), we can reduce Equations (S13)-(S14) to:

ḣ = rh(γ/β)my − δhh. (S15)

Model (ii) is obtained from model (i) by incorporating disease explicitly in the income equation (y =

f(0, h, I) = φΦ(I)hαh ,Φ(I) = (1− ξI)m, I 6= 0), representing lost labor productivity. In deriving models

(i) and (ii), we assumed that there is only one form of capital (human capital). But if there is another form

of capital (physical capital, k) and disease decreases labor productivity as in model (ii), then the income

function must be modified accordingly: y = φf(k, h, I), where f(k, h, I) = Φ(I)(1−αh−αk)hαhkαk . The

resulting system corresponds to Model (iii) in Table 2 of the main text:

k̇ = rky − δkk, (S16)

ḣ = r(I)y − δhh, (S17)

İ = β(y)I(1− I)− γ(y)I. (S18)
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S1.2.2 Models (iv)-(vi) in Table 2 of the main text: coupled economic-renewable resource model

Both human capital in the form of knowledge, skills, education, health, etc., and physical capital in the

form of machinery, infrastructure, other agricultural equipment, etc., are required to boost agricultural pro-

ductivity and harvesting effort. For example, motorization allows fishermen to access offshore fishery that

otherwise might not be accessible, mechanization of agriculture allows for the cultivation of wider fields and

the use of fertilizers to boost productivity. Hence, the renewable resource model defined by Equation (S5)

can be coupled to the economic growth model by assuming that the production of the resource is limited by

the availability of capital. This can be achieved by setting the carrying capacity to: c0E, where c0 > 0 is a

constant, and E = kαkhαh . Additionally, the renewable resource model is coupled to the economic model

through the harvesting effort δcE, which we also assume is a function of capital, since harvesting requires

economic resources. Here, δc > 0 is the harvest rate. On the other hand, we couple the economic model

back to the renewable resource model through investment in capital. If µc is the grazing or loss rate of

renewable resources, then the coupled economic growth-renewable resource model is given by the system:

k̇ = rky − δk, (S19)

ḣ = rh(0)y − δh, (S20)

ċ = rcc

(
1− c

c0E

)
− (δcE + µc)c, (S21)

where y = (φ + πcδcc)f(k, h, 0), E = f(k, h, 0), and f(k, h, 0) = Φ(0)(1−αk−αh)kαkhαh = kαkhαh .

Here, πcδcckαkhαh is the income derived from the exploitation of renewable resources, φkαkhαh is the

income from other sources and πc is the unit cost of renewable resources. Equations (S19)-(S21) is Model

(iv) in Table 2 in the main text.

Introducing the dynamics of human disease (by adding Equation (S14) to Equations (S19)-(S21)) and

setting I 6= 0 in the human capital and income equations in Model (iv) (Equations (S19)-(S21)) so that

y = (φ+ πcδcc)f(k, h, I), where f(k, h, I) = Φ(I)(1−αk−αh)kαkhαh leads to Model (v) in Table 2 of the
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manuscript. Next, we extend Model (v) – the coupled economic growth-renewable resource-human disease

model to account for the dynamics of agricultural pest. This leads to Model (vi) in Table 2:

k̇ = rky − δkk, (S22)

ḣ = rh(I)y − δhh, (S23)

ċ = rcc

(
1− c

c0E

)
− (b(y)p+ δcE + µc)c, (S24)

ṗ = ωb(y)cp− d(y)p, (S25)

İ = β(y)I(1− I)− γ(y)I, (S26)

where y is as described in Model (v), b(y) = bmaxby/(y + by), d(y) = dmindy(y + 1))/(y + dy), by and

dy are positive constants, bmax is the maximum consumption rate of agricultural products by pest, and dmin

is the minimum mortality rate of pests. Since, the poor rely mostly on their immediate environment for

subsistence, we assume for simplicity that income from other sources is small compared to income from

renewable resources. Decreasing returns to capital ensure that plant density and the yield do not grow indef-

initely with capital. The renewable resource equation takes the form of the economic capital equation, with

an investment or gain term and a loss term. Here, income is a function of disease prevalence, human capital,

physical capital, and renewable resource density. A poverty trap corresponds to high disease prevalence,

low per capita income and renewable resource density, while the development equilibrium corresponds to

low disease prevalence and high per capita income, as well as high renewable resource density.

S1.2.3 Additional models

Based on the set of economic, renewable resource and disease model elements presented in Table 1 in the

main text and described in Section S1.1, we can generate additional variants of of the coupled systems with

different levels of complexities. Some of these extensions are presented in Table 2 of the main text and Table

S1 below. Specifically, a variant of Model (iv) leads to a system with agricultural pest but no human disease

(Model iv′ in Table S1). The next set of models ((vii)-(viii) in Table 2 of the main text) and models ((ix)-
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(x) in Table S1) incorporates demographic changes: human births, natural mortality and disease-induced

mortality in models (iii) and (v) and models (ii) and (vi), respectively. The birth and natural mortality

rates can assume various functional forms (constants, density-dependent functions, functions of income or

capital, etc.)

Table S1: Additional models. System (iv′) has both human capital ((h)) and physical capital ((k)), renewable resource ((c))
and plant pest ((p)) but no human disease ((I)) and no human population growth ((n)). Model (ix) has only one form of capital
(human capital), human disease, and human population growth, while Model (x) incorporates human disease and human population
growth in Model (iv′). Here, f(k, h, I) = Φ(I)1−αk−αhkαkhαh , λ is the human birth rate, µ and ν are the human natural and
disease mortality rates, and n = λ− µ− µI .

Model h h(I) k y(I) c p n Income function and model equations

y4 = (φ+ πcδcc)f(k, h, 0), E = kαkhαh ,

(iv′) X X X X k̇ = rky4 − δkk,

ḣ = rhy4 − δhh,

ċ = rcc (1 − c/(c0E)) − (δcE + µc)c.

ṗ = ωb(y4)pc− d(y4)p.

y2 = φf(0, h, I),

(ix) X X X X ḣ = rhΦ(I)y2 − (δh + n(I))h,

İ = β(y2)(1 − I)I − (γ(y2) + ν + λ)I + νI2.

y5 = (φ+ πcδcc)f(k, h, I), E = kαkhαh ,

k̇ = rky5 − (δk + n(I))k,

(x) X X X X X X X ḣ = rhΦ(I)y5 − (δh + n(I))h,

ċ = rcc (1 − c/(E)) − (δcE + µc)c,

İ = β(y5)(1 − I)I − (γ(y5) + ν + λ)I + νI2.

ṗ = ωb(y5)pc− d(y5)p.

S2 Model parameterization

S2.1 Calibration of the basic disease-economic model (i) (Equations (S13)-(S14)

We apply the maximum likelihood estimator (MLE) approach29, 30 to calibrate the parameters, θ = (βmax, βy,

γmin, γy,m, rh, δh, αh) by fitting the basic coupled disease-economic model ((i)) to data on per capita in-

come (per capita GDP) and the burden of infectious diseases (DALYs)31–33. Per capita GDP and DALY are

the most common annualized measurements of economic production (i.e., per capita income) and disease

burden, respectively. We treat m as a free parameter to represent the “effective” number of diseases, given
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that there are many different kinds of infections that are aggregated in the data (such as diarrheal diseases

and respiratory infections), each with different parameter values and population dynamics. Here, we use the

log of the likelihood function:

lnL(x|θ) = ln

 N∏
j=1

1√
2πσ2

e−
(xj−zj)

2

2σ2

 = −1

2

N ln(2π) +N ln(σ2) +

N∑
j=1

(xj − zj)2

σ2

 ,

where x = (DALY,GDP )T , z(θ) = (I(θ), y(θ))T . The MATLAB nonlinear constrained optimiza-

tion function, “fmincon” is used to maximize this function and obtain the estimate βmax = 17, βy =

34, γmin = 9, γy = 40,m = 3, rh = 0.3, and δh = 0.27, αh = 0.6.

The model calibration presented here is meant to be a simple illustration of how the models we

develop can be parameterized, if data is available. Different approaches including Bayesian approaches can

be used with the availability of appropriate data. For the demographic parameters, we assume that the birth

rate ranges from 7-46 births per thousand per year and that the average life span of humans ranges from

40-80 years34, 35. With these ranges, we obtain an average birth and death rate of 0.027 (about 37 births per

thousand per year) and 0.019 (an average life span of about 53 years). For the accumulation and depreciation

rates of physical capital, we also use the calibrated values for human capital and for the elasticity coefficients,

we draw values from the economics literature, e.g., αh = αk ≈ 0.3 as in Mankiw et al.19. The models in

Table 2 of the main text and Table S1 integrate classical ecological and economic models. These coupled

systems are different from classical ecological or economic models, such that most of the parameters are

functions of other state variables, e.g., capital, disease prevalence, biomass of the renewable resource, or a

combination of these–as well as new parameters that have not been explored in the literature. This makes

obtaining parameter values, especially those for the more complex systems, challenging and highlights

the need for future empirical research to collect data so that key parameters can be estimated. For the

parameters whose values we cannot find in the literature, such as for the renewable resources and pests, we

estimate them such that at the development or poverty trap equilibrium, income and disease prevalence are
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within observed ranges. For example, income ranges from approximately $300-$50,000. We note that these

specific values are used only for selected simulations and bifurcation analyses. The parameter values and

ranges of parameters used in our analyses are presented in Table S2. For more general analyses, we use

Latin Hypercube Sampling to conduct global sensitivity analyses (described later on in Section S4 of the SI)

that explore ranges of parameters. See Table S2 for a brief description of model parameters, baseline values

and ranges. For parameters whose ranges are not between zero and one or parameters whose ranges we

could not find or infer directly from the literature, we define the ranges to have a minimum and maximum

of ±50% of the baseline value, while ensuring that the minimum and maximum values are ecologically and

economically feasible.

In the absence of appropriate data for implementing actual inference efforts as is the case here, we

can also parameterize the system by selecting reasonable model parameters and ranges and investigating the

plausible dynamics in a more theoretical approach. Specifically, parameters (and ranges) can be selected

that lead to a poverty equilibrium approximately equivalent to the average per capita income in developing

countries (below 2 US dollars per day used as a threshold for poverty), and to a development equilibrium

approximately equivalent to average per capita income in developed countries (see, for example, Table S3).

Therefore, we can define plausible ranges of variation of model parameters that lead to prevalence and

income values within the range of variation observed in empirical studies. We thus believe that our models

are able to capture the fundamental processes driving the reinforcing feedback between poverty and diseases

and, in a significant number of cases, leading to bistability where the final outcome is contingent on history.

We believe that one important outcome of formulating the models, is to stimulate the needed work to better

parameterize specific systems that fall within this general framework.
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Table S2: Brief description of parameters, baseline values and sample ranges for the models in Tables 2 of
the main text and Table S1.

Parameter Description Value Range
Human
disease
βmax Maximum human disease transmission rate 17 [8.5, 25.5]
βy Positive constant 34 [17, 51]
γmin Minimum human recovery rate 9 [4.5, 13.5]
γy Positive constant 40 [20, 60]
m Number of pathogens 3 [0, 8]
ξ Disease intensity 0.6 [0, 1]
ν Disease-induced mortality 0.1 [0.05, 0.15]
Economic
rh, rk Human and physical capital accumulation rates 0.3 [0.15, 0.45]
δh, δk Human and physical capital depreciation rates 0.27 [0.1, 0.4]
αh, αk Elasticity coefficient 0.3, 0.6 [0.15, 0.45], [0.3, 0.9]
φ Technology 0.4, 1 [0, 1]
πc Unit cost of harvested resource 2 [1, 4]
Renewable
resource
rc intrinsic growth rate of renewable resource 0.2, 0.8 [0.1, 0.4], [0.4, 1.2]
δc Resource harvest constant 0.1 [0.05, 0.2]
c0 Scaling factor of resource carrying capacity 10 [5, 20]
µc Grazing or additional loss rate of renewable resource 0.02 [0.01, 0.04]
Plant pest
ω Coefficient of conversion from renewable resource

biomass and pest abundance 0.8 [0.4, 1.2]
bmax Maximum plant disease transmission rate 1 [0.5, 1.5]
by Positive constant 2 [1, 3]
dmin Minimum pest mortality rate 1 [0.5, 1.5]
dy Positive constant 5 [2.5, 7.5]
Human
demography
λmax Maximum human birth rate 0.05 [0.025, 0.075]
λmin Minimum human birth rate 0.01 [0.005, 0.015]
µmax Maximum human mortality rate 0.025 [0.0125, 0.0375]
µmin Minimum human mortality rate 0.0133 [0.01, 0.02]
τλ Decay constant human birth rate 0.95 [0.5, 1]
τµ Decay constant for human mortality rate 0.05 [0, 0.5]
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Table S3: Brief description of parameters and alternative parameterization of the models in Tables 2 of
the main text and Table S1. This approach entails selecting parameters and ranges such that the poverty
equilibrium ia approximately equivalent to average per capita income in developing countries, while the
development equilibrium is approximately equivalent to average income in developed countries.

Parameter Description Value Range
Human
disease
βmax Maximum human disease transmission rate 5 [2.5, 7.5]
βy Positive constant 4.5 [2.25, 6.75]
γmin Minimum human recovery rate 2 [1, 3]
γy Positive constant 0.9 [0.45, 1.35]
m Number of pathogens 4 [0, 8]
ξ Disease intensity 0.6 [0, 1]
ν Disease-induced mortality 0.1 [0.05, 0.15]
Economic
rh, rk Human and physical capital accumulation rates 0.2 [0.1, 0.3]
δh, δk Human and physical capital depreciation rates 0.1 [0.05, 0.15]
αh, αk Elasticity coefficient 0.3, 0.5 [0.15, 0.45], [0.25, 0.75]
φ Technology 0.4, 2, 3 [0.2, 0.6], [1, 3], [1.5, 4.5]
πc Unit cost of harvested resource 1 [0.5, 1.5]
Renewable
resource
rc intrinsic growth rate of renewable resource 0.2, 0.8 [0.1, 0.4], [0.4, 1.2]
δc Resource harvest constant 0.1 [0.05, 0.2]
c0 Scaling factor of resource carrying capacity 1 [0.5, 1.5]
µc Grazing or additional loss rate of renewable resource 0.02 [0.01, 0.04]
Plant pest
ω Coefficient of conversion from renewable resource

biomass and pest abundance 0.8 [0.4, 1.2]
bmax Maximum plant disease transmission rate 0.03 [0.015, 0.045]
by Positive constant 1 [0.5, 1.5]
dmin Minimum pest mortality rate 0.01 [0.005, 0.015]
dy Positive constant 0.02 [0.01, 0.03]
Human
demography
λmax Maximum human birth rate 0.05 [0.025, 0.075]
λmin Minimum human birth rate 0.01 [0.005, 0.015]
µmax Maximum human mortality rate 0.025 [0.0125, 0.0375]
µmin Minimum human mortality rate 0.0133 [0.01, 0.02]
τλ Decay constant human birth rate 0.95 [0.5, 1]
τµ Decay constant for human mortality rate 0.05 [0, 0.5]
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S3 Dynamics and analyses of model systems

We begin with some general analytical considerations on the types of dynamics the coupled systems pre-

sented in Tables 2 and S1 and explained in Section S1 can exhibit. Because these considerations are limited

to the simplest formulations, we then follow with specific analyses based on bifurcation diagrams which

complement those in the main text. We then transition to the broader investigation of parameter space

including sensitivity analyses.

S3.1 Dynamical properties of the systems

The dynamics of systems (i)-(iii) and (vii) in Table 2 of the main text, as well as those of model (ix)

in Table S1 are characterized by fundamental mechanisms of positive feedback. Therefore, bistability is

potentially a general property of these systems. This behavior contrasts with that of classic ecological

models such as those for predator and prey systems that are characterized by negative feedback and can

exhibit more complex dynamics than equilibria such as oscillations, periodic-doubling bifurcations, and

chaos. To understand the basic mechanisms of feedbacks in the coupled systems, consider, for example,

a simple predator-prey model of the form: ẋ = U(x, z), ż = V (x, z), where x is the prey and z is the

predator. Because the predator reduces prey density or biomass, Uz(x, z) < 0, and because the prey leads

to an increase in the predator density or biomass, Vx(x, z) > 0, so that the product, Uz(x, z)Vx(x, z) < 0,

where Uz denotes the partial derivative of U with respect to z and Vx denotes the partial derivative of V

with respect to x. The product Uz(x, z)Vz(x, z) < 0, conveys negative feedback throughout the state space.

In contrast, for our simplest model ((i) in Table 2 of the manuscript), the product, UI(h, I)Vh(h, I) ≥ 0, and

thus the system is characterized by positive feedback throughout the state space. This basic relationship can

be extended to systems with multiple dimensions of capital and natural enemies, where capital is defined as

a state variable that complements other state variables for the production of income, and natural enemies are

defined as state variables that reduce capital. More generally, members within each group all complement
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one another but the members of two different groups are individually and so collectively antagonistic to

one another: i.e., friends of friends are friends, friends of enemies are enemies, and enemies of enemies are

friends. To illustrate this, consider the matrix
Jaa Jab Jac −Jad −Jae
Jba Jbb Jbc −Jbd −Jbe
Jca Jcb Jcc −Jcd −Jce
−Jda −Jdb −Jdc Jdd Jde
−Jea −Jeb −Jec Jed Jee

 ,

representing the Jacobian (array of partial derivatives) of a prototypical monotone dynamical system within

the framework of the general model (Equations (1)-(2)), where Jij ≥ 0, i, j ∈ {a, b, c, d, e}, with the

subscripts denoting state variables. In this example, there are two mutually antagonistic groups, the first

consisting of three types of capital and the second consisting of two types of natural enemies to capital. The

J ′iis, i ∈ {a, b, c, d, e} represent indeterminacy in that, to result in monotonicity, nothing is actually required

of the effect of a factor on itself.

More formally, given capital variables, x = (x1, x2, x3, . . . , xM ) in one group and “natural enemies

of capital” z = (z1, z2, z3, . . . , zJ) = (xn+1, xn+2, xn+3, . . . , xJ) in a second group, then for dynamics

described by the system of equations Ẋ = F(X), where X = (x, z), the necessary condition for a monotone

system is:

∂Fi(X)

∂xj
≤ 0, or

∂Fi(X)

∂xj
≥ 0, ∀i 6= j, i = 1, 2, 3, . . . ,M, j = n+ 1, n+ 2, n+ 3, . . . , J.

In such monotone systems, the only attractors are stable equilibria: there are no limit cycles or complex

dynamics such as period-doubling bifurcations, chaos, etc. As a specific example, the explicit Jacobian

matrix for model (i) in Table 2 of the main article is:(
Jhh −JhI
−JIh JII

)
,

where JhI = −mrh(1−I∗)m−1h∗αh , JhI = −αhφγminγy(γy−1)I∗h
∗αh−1

(h
∗αh+γy)2

. If (h∗, I∗) is an equilibrium state

of model (i), thenUI(h∗, I∗) = −mrh(1−I∗)m−1h∗αh < 0,Uh(h∗, I∗) = −αhφγminγy(γy−1)I∗h
∗αh−1

(h
∗αh+γy)2

≤ 0,

and UIUh ≥ 0.
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As another example, consider system (iii) in Table 2 of the main article: Jkk Jkh −JkI
Jhk Jhh −JhI
−JIk −JIh JII

 ,where

Jkh = rkαh(1− ξI)myh−1, JkI = rkm(2− αh − αk)ξ(1− ξI)−1y,

Jhk = rhαk(1− ξI)myk−1, JhI = rhm(2− αh − αk)ξ(1− ξI)m−1y,

JIh =

(
βmaxβyαh(1− I)Iy

(y + βy)2h
+
αhγminγy(γy − 1)Iy

(y + γy)2h

)
,

JIk =

(
βmaxβyαk(1− I)Iy

(y + βy)2k
+
αkγminγy(γy − 1)Iy

(y + γy)2k

)
.

The two forms of capital, k and h, complement each other; in addition, each of them negatively affects

disease transmission and disease levels in turn negatively affect each of them. Clearly, Jij ≥ 0,∀i 6= j and

γy ≥ 1.

This general class of monotone systems have no attractors other than stable equilibria, and in the

case of strong positive feedback, there can be two stable equilibria. In contrast to variants of the simple

economic-disease system, which can be shown to exhibit positive feedback across the capital-disease space,

the directions of feedback of the renewable resources and their natural enemies are ambiguous, and there-

fore the system is not necessarily monotone. In the third differential equation of systems (iv) and (v), for

example, capital increases the carrying capacity of the resource, but also increases the harvesting rate, thus

exhibiting mechanisms of both positive and negative feedback. While these systems can potentially exhibit

more complex dynamics, such as periodic cycles and chaos, no such dynamics were observed in our mod-

els. Due to the complexity of most of the coupled systems, it is challenging if not impossible to study their

dynamics analytically. Thus, we resort to numerical analyses. There are two main goals for the analyses:

1) to determine the plausibility of poverty traps, by identifying the portion of the feasible parameter space

that generates the different development regimes (globally stable development, globally stable poverty, and

bistability), and 2) to identify the specific parameters to which the dynamics of the systems are most sensi-

tive. Before describing the methods for these two main objectives, we include specific bifurcation analyses
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for some of the systems, to complement those in the main text.

S3.2 Analysis of the basic coupled model with no population growth

For heuristic purposes, Fig. S4 presents bistability conditions for Model (i) (Table 2) by analyzing outcomes

over portions of the parameter space. In Fig. S4(a) the dashed blue line represents a system with no disease

feedback (m = 0), equivalent to the neoclassical growth model in economics. Above a certain number of

pathogens, this system is characterized by a globally stable equilibrium. As labor productivity decreases

with disease prevalence and the number of pathogens in the population, capital depreciation may exceed

capital accumulation at low levels of income and the system becomes bistable. In this case, the final outcome

is contigent to history. Figure S4(a) thus shows how the classical poverty trap model can be derived from our

general framework, which is also presented using a different production function in Ngonghala et al.23. The

nonlinearity in the capital accumulation (respectively, income) curve emerges due to reinforcing feedbacks

in disease transmission and recovery: at high numbers of pathogens, low initial income levels are associated

with high disease exposure and low recovery rates (e.g., due to poor nutrition or lack of health care), which

decreases labor productivity and human capital accumulation, causing a “vicious cycle”. As initial income

levels rise, disease transmission falls and the recovery rate rises for all pathogens in the system, creating

a positive feedback that eventually leads to healthy economic growth (the capital accumulation curve to

rise above depreciation). Figure S4(b)-(c) presents different development regimes that result from different

combinations of the capital investment rate rh, and the capital depeciation rate δh. It shows how the region

of bistability denoted by II grows with the number of the pathogens m, in the system.
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Figure S4: Multiple infections create poverty traps. (a) The effects of multiple diseases on the dynamics of
income for the one-dimensional model version of model (i), i.e., Equation (S15). The straight dash-black
line is the depreciation term. All other lines represent accumulation terms. When the number of diseases is
small, capital accumulation exceeds depreciation, near the origin, and there is only one stable equilibrium
(first three accumulation curves). However, as the number of pathogens rises, the accumulation term falls
nonlinearly below the depreciation term (solid accumulation curves), creating bistability, and hence poverty
traps. (b)-(c) Bistability regions for various combinations of the capital investment rate rh, and the capital
depreciation rate δh, when there are three and six diseases in the system. The green area denoted by DE
indicates parameter values for which there is only a globally stable development equilibrium, the yellow
area denoted by PP indicates the parameter space that generates only a stable poor equilibrium (persistent
poverty), and the red area labeled BS indicates the parameters that generate bistable outcomes.

To understand the impact of various parameters on the equilibrium properties, we conducted a local sensi-

tivity analysis in which all but one of the parameters of the Model (i) are fixed to their original calibration,

while one parameter is varied. The blue and dashed red curves in Fig. S5(a)-(c) represent stable and unsta-

ble equilibria. Consider for example, Fig. S5(c) and the minimum recovery rate from infection, γmin. For

values of γmin below a threshold, R0 > 1, and the endemic equilibrium is high. As γmin rises past this first

threshold, there is a phase transition to two stable equilibria–an infection-free equilibrium (the “develop-

ment”equilibrium) and an endemic disease burden equilibrium (the poverty trap). After a second threshold,

the system converges to only a single globally stable equilibrium (low disease and high income).
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Figure S5: Local sensitivity analysis of disease prevalence to the technological progress φ, capital depreci-
ation rate δh, and minimum recovery rate from disease γmin, for the basic coupled disease-economic model
(i) showing bounds on the parameters for which bistability occurs. Blue lines denote stable equilibria, while
red lines denote unstable equilibria. Bistability occurs within region II (demarcated by dotted gray vertical
lines), and for intermediate values of the parameters. Persistent poverty occurs within region III, while there
is globally stable development in region I.

S3.3 Analysis of extended models

Three-dimensional bifurcation time evolution dynamics of Models (iv′), (ix), and (x) in Table S1 are pre-

sented in Fig. S6. For small maximum consumption rate of plants by pests bmax (Fig. S6 (a)) and for

small maximum disease transmission rates βmax (Fig. S6 (b)-(c)), the system experiences global develop-

ment (high per capita income and low disease) and trajectories from different initial per capita income and

disease prevalence levels relax on this globally stable equilibrium. At the first threshold maximum plant con-

sumption and disease transmission rates, the system bifurcates into two stable equilibria (a development and

a poverty trap equilibrium). Trajectories originating from the basin of attraction of the development equilib-

rium converge to the development equilibrium, while trajectories originating from the basin of attraction of

the poverty trap converge to the poverty equilibrium. At the second threshold maximum plant consumption

and disease transmission rates, the system experiences global persistent poverty (low per capita income and

high disease burden) and trajectories originating from different starting points settle on this equilibrium.
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Figure S6: Dynamics of per capita income for the coupled ecological-economic models. Bifurcation dia-
gram showing the time path evolution from two initial per capita income values (denoted by light and dark
colors) as the maximum plant consumption rate by pests bmax changes ((a)) and as the maximum disease
transmission rate, βmax, changes ((b)-(c)). (a) corresponds to Model (iv′), (b) corresponds to Model (ix),
(c) corresponds to Model (x). Light and dark blue lines converge to a globally stable development equilib-
rium (high income and low disease) in the long-run, light and dark green lines converge to globally stable
poverty trap (low income and high disease) in the long-run and the red lines depict trajectories within the
region of bistability (light and dark red trajectories settle at different points: low income and high disease
for the poverty equilibrium and high income and low disease for the development equilibrium). (b)-(c):
As βmax increases, the system bifurcates from a single stable development equilibrium (blue trajectories)
through bistability (red trajectories) to a single stable persistent poverty equilibrium (green trajectories).

S4 Global uncertainty and sensitivity analysis

The global uncertainty and sensitivity analysis is performed in accordance with the Latin Hyper-cube Sam-

pling (LHS) and Partial Rank Correlation Coefficient (PRCC) methods36. In each case, we treat the esti-

mated or baseline parameters as mean values and build a feasible range for each parameter with minimum

and maximum values corresponding to those in the literature. Where we could not find minimum and max-

imum values of the parameters in the literature, we set these limits to ±50% of the mean, while ensuring

that the range is feasible. Since the distributions of the parameters are unknown, we assume for simplicity a

uniform distribution between the minimum and maximum values of each parameter. We then sample param-

eter sets randomly with no replacement from their distributions and construct a matrix whose rows are made

up of different sets of parameters. Each of these parameter regimes is used to simulate the coupled system
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under consideration. The parameters and outputs, e.g., disease prevalence at equilibrium, per capita income

equilibrium, renewable resource density at equilibrium, percentage of trajectories converging to the poverty

trap or development equilibrium, etc. are then ranked and PRCCs together with corresponding p-values to

investigate whether the PRCCs are statistically significant, i.e., differ significantly from zero are computed.

See References36–38 for details on how to compute the PRCCs. We use the computed PRCCs to assess the

sensitivity of model outputs to variations in model parameters. The PRCCs establish the correlation or how

strongly model inputs (parameters) are related to specific outputs of the model. They range in value from

-1 to 1, with a magnitude of 1 depicting a perfect correlation between a parameter and an output; i.e., the

parameter influences the output most, while a PRCC value of 0 depicts no correlation between a parameter

and an output; i.e., the parameter has no influence on the output. A positive PRCC indicates that the output

increases with increasing values of the parameter under consideration, while a negative PRCC indicates that

increasing a parameter will trigger a decline in model output. Since the use of PRCCs relies on the existence

of monotonic relationships between model outputs, e.g., disease prevalence and income, and model inputs,

e.g., model parameters, we carried out another analysis to ascertain this. An illustration for disease preva-

lence and income against key parameters such as the maximum transmission rate, minimum recovery rate

and elasticity coefficient for the basic model is presentd in Fig. S8. Finally, although this sensitivity analysis

approach identifies the parameters which contribute most to output variability, it does not quantify the exact

amount of variability.

To quantify the size of the bistability region, we repeat the above global sensitivity analysis exercise

but for each of the sampled set of parameters, the system is simulated for 100 randomly selected initial

conditions also assembled through the LHS technique. We then determine whether the system converges to

a globally stable development or poverty equilibrium or whether multiple locally stable equilibria coexist

for a specific combination of parameters. See Fig. 3 in the main text.

We further identify important parameters that drive the outputs of the coupled systems, including
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equilibrium disease prevalence and income, as well as the percentage of trajectories that converge to the

poverty trap and development equilibrium within the bistability parameter regime. Figure S7 shows how

influential various model parameters are to infectious disease prevalence and the percentage of trajectories

that converge to the poverty trap within the bistability parameter regime for models (i), (iii) and (iv), while

Fig. S9 illustrates the influence of parameters to per capita income and infectious disease prevalence for

Model (vi). In all models involving human diseases, uncertainty of variability in the maximum human dis-

ease transmission rate, βmax, and the minimum recovery rate from human infections, γmin will introduce

the greatest uncertainty or variability in disease prevalence, per capita income or the percentage of trajec-

tories converging to the poverty trap with the bistability region. The number of pathogens in the system,

m, is also important in generating uncertainty or variability in per capita income. Overall, both ecological

and economic parameters are important in determining the size of the bistability region, but epidemiological

parameters like βmax and γmin are more influencial.
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Figure S7: Partial rank correlation coefficients (PRCCs) depicting the contributions of parameters to disease
prevalence ((a)-(b)) for models (i) and (iii), per capita income ((c)) for model (iv) and the percentage of
trajectories converging to the poverty trap within the bistability region ((d)-(f)) for Systems (i), (iii) and
(iv). The larger the magnitude of the PRCC, the more significant the parameter is in generating uncertainty
or variability in the output. The sign of the PRCC, i.e., positive or negative, indicates whether an increase in
a parameter will lead to an increase (when it is positive) or decrease (when it is negative) in the output.
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Figure S8: Plots depicting monotonic relationships between infectious disease prevalence and income
against some key parameters of System (i).
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Figure S9: Partial rank correlation coefficients (PRCCs) depicting the significance of parameters to per
infectious disease prevalence and capita income for System (vi).

28



S5 Limitations

Although in this manuscript, we used ordinary differential equations as the main mathematical modeling

tool, other approaches might also be employed depending on the question, availability/type of data, and how

much one would benefit in terms of knowledge and tractibility when more realism and hence complexity is

introduced. Statistical models, e.g., regressions and time series analyses will be appropriate for somebody

who is interested in exploring correlations and patterns in data, while dynamical models, e.g., determinsitic

(including the one we have proposed here), stochastic, network, agent-based models will be more useful

to people who intend to simulate processes that evolve with time. Introducing additional disease classes,

e.g., exposed and recovery classes may be important for people who are interested in diseases with long

incubation periods live HIV and diseases that confer permanent immunity like measles. The use of stochastic

and individual-based models may be unavoidable when the population sizes under consideration are small.

S6 Code and data availability

S6.1 Code availability

All the models in the main text and the SI were analyzed using MATLAB version R2015a. All the codes

can be made available upon request (send an email to calistusnn@ufl.edu).

S6.2 Data availability

No datasets were generated or analysed during the current study.
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