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[bookmark: _Toc15650832]S1 Approaches to analyze ecological complexity
[bookmark: _Hlk530131940][bookmark: _Hlk530131955][bookmark: _Hlk530132029][bookmark: _Hlk530132044][bookmark: _Hlk530132061][bookmark: _Hlk530132097]S1.1 Species Distribution Models (SDMs) and Ecological Niche Models (ENMs) - SDMs and ENMs are tools used to generate probabilistic predictions of the distribution of biological entities in geographical space [57, 58]. They may be statistical, physiological indices or based on information theory (see [59, 60]) and operate through the establishment of an empirical link between known presence locations and the physical characteristics of the environment where the entities were recorded. Among these methods are correlative climate envelope models of species developed to characterize climatically the geographic range of species based on aggregate weather data and other factors in areas of their recorded distribution [61–63]. SDMs are commonly used to assess potential climate change impacts on biodiversity, but several critical methodological decisions are often made arbitrarily [64]. The transferability of SDM and ENM results were critically reviewed by Yates et al. [65] to give direction for future research to increase their applicability across time and geographic space. Globally, the broad-scale climatic limitations on the distributions of exotic species are more important than trade patterns in explaining variation in the number of shared species among countries [66]. Guillera-Arroita et al. [67] found that SDM users often underestimate the strong links between data type, model output and suitability for end‐use such as ecosystem management applications. Most serious, is that SDM-ENMs have few implicit bio-ecological and mathematical assumptions and lack mechanistic biological underpinnings (see [68]). As concluded by the Fourth and Fifth Assessment Report of the Intergovernmental Panel on Climate Change Working Group 2 [69, 70], SDM-ENMs are unable to account for species interactions and population processes making them problematic when extended to analyses of range expansion or contraction under climate change and for management applications (see [67, 71]). To circumvent some of the limitations, Fordham et al. [72] proposed the use of hybrid ecological niche models. Sinclair et al. [73] proposed using thermal performance curves (TPCs) and body temperatures to predict ectotherm responses to climate change. Buckley and Csergő [74] report demographic modeling of invasive plant range as a new innovation [11, 75]), and wrongly state (see text) that “mechanistic approaches require large-scale field experimentation across multiple species, a task often beyond the resources of a typical ecology research grant.” Poisot et al. [76] argue that shifting the scale towards population‐based processes will improve our predictive ability and mechanistic understanding of how species interact over large spatial or temporal scales (we agree). 

S1.2 Mathematical models of populations - The perceived ecological complexity led many biologists to seek explanation via simple mathematical models of species dynamics and stability [77–79]. Murdoch [80] concluded that point equilibrium of systems (vs. equilibrium space) exists only in theory, and hence attempts to capture the essence of complex population behavior by constants is futile [81]. While simple models provided significant insights into aspect of population regulation theory (e.g., [82, 83]), they are difficult to test against field data and observations. Ecosystems do not work according to Lotka–Volterra equations [48], and hence more nuanced approaches must be used to analyze system interactions (e.g., [84, 85]). 
[bookmark: _Hlk19547109]Some have proposed individual–based models [86] to capture the complexity, and other have opted for correlative approaches (e.g., ecological niche models (ENM) and species distribution models (SDM) that subsume the biology in rough measures of weather and climate in areas where the species has been recorded ([87]; see Supplementary Text S3). Correlative models tell us little about the dynamics and interactions of species, and it is questionable whether the results can be used prospectively to analyze the effects of climate change on species distribution and abundance.
 State and transition models (STM) have been developed using Bayesian networks based on prior knowledge (or intuition) about how a system functions; knowledge that can be updated over time to reflect new data or experience [88].
Plant ecologist have used plant morphological, anatomical, physiological, biochemical and phenological characteristics and their organs, to determine how primary producers respond to environmental factors, affect other trophic levels, influence ecosystem processes, services and affect species richness, ecosystem functional diversity for a wide range of research [89].

General models have been proposed to capture emergent global patterns of ecosystem structure and function with the ultimate goal of modeling all life on earth [90, 91]. At the ecosystem level, meta-analyses of  >1000 published studies found that a simple power function recurs across a variety of ecosystem types that describes relative changes in the shape of the “Eltonian” pyramid of biomass distribution across communities in different trophic levels in the food chain/web [92]. Highly conserved patterns in pyramid size, shape, and growth were found across different ecosystems, with community production biomass commonly scaling near k = ¾, a value “curiously similar to individual production-body mass allometry”. 

[bookmark: _GoBack]S1.3 Eco-physiological-thermodynamic approaches - Interest in developing a unified population and ecosystem approach are rooted in the eco-physiology of organisms, in particular, in the constraints that govern the acquisition and allocation of materials and energy by individual and population (e.g., [9, 12, 93, 94]) that must obey the first and second Laws of Thermodynamics. A metabolic theory of ecology (MTE) was proposed as a framework for predicting resource-consumer dynamics over gradients of temperature and for making predictions in the context of climate change [95–97]. Attempts to simplify the models on biophysical processes underlying individual development include allometric relationships predicting ontogenetic development as a function of body mass and temperature [98]. The dynamic energy budget (DEB) k-rule model of Kooijman [99–101] is grounded in first principles and imbedded in general systems theory, where the state of the system is quantified by a set of state variables and the changes in state by a set of ODE's. Nine parameters at abundant food determining dry/wet weight ratio, age at birth, puberty, death, weight at birth, metamorphosis, puberty, ultimate weight, and ultimate reproduction rate. The focus of DEB has been on aquatic systems, but application have been found across a wide array of taxa [102]. However, it is not clear how to apply DEB to multispecies population dynamics in the field, though linkage of DEB across levels of biological organization has begun (see [98, 103]).


[bookmark: _Toc15650831]S2 Analogies between biological and human economic systems [8, 9]
BIOLOGY					ECONOMICS
biosphere 					total global economies and interactions 
ecosystem 			 		economic system (communism, capitalism)
species						firms in an industry,
population					firms in an area 
 	individual 					firm
genome 					firm decision rules 
epigenetics					flexibility in decision rule implementation
energy or biomass 				monetary units
respiration					costs of operation
growth						investments in infrastructure
reproduction 				 	profit
fitness (genetic contribution			firm profitability (contributions to
  	  	 to next generation) 	     			 next business cycle)	
adaptedness 					firm stability
energy						currency
intrinsic mortality rate 			discount rate
supply (per capita acquisition rate)		 all the resource that is available
demand (maximum assimilate rate)		all the resource available and more
consumption (?)		 	 consumption (not contributing to growth)
endosomatic constraints			 exosomatic capacities


[bookmark: _Toc15650833]S3 Physiologically based demographic models
S3.1 Simple PBDM/MP systems - The core bioeconomic idea for all trophic levels (e.g., i, i+1,…, i+n) (main text Fig. 1) is captured as a simple bioeconomic mass (energy) conservation balance model of the demand-driven dynamics per unit consumer in any trophic level that determine growth and reproductive rates (Eqn. 1; see [9, 11, 14, 104]. The notation can be simplified by aggregating terms, but we keep the detail for heuristic reasons (see [11])

		(S1)





The type II ratio-dependent functional response model (; [9]) is demand driven and estimates the proportion of the per unit demand for resources (Di) acquired (i.e. supply; ) by trophic level i from trophic level i-1. The parameter 0<i <1 is the proportion of trophic level i-1 accessible to the ith level and, 1-i is a refuge;  is the efficiency of converting the assimilated biomass to consumer biomass; 0< i <1 is a correction for egestion; vi is respiration rate that in poikilotherms is related to body size (M) (e.g.,  [105]); is the per unit demand rate [106–108]. Solving D for M, and then substituting, yields v=0.24D. In a time-varying environment, the Q10 rule as a function of temperature may be more appropriate for estimating v as a function of M in a time varying environment. The maximum per capita demand rate is estimated under non limiting conditions (Smax) as

                                       .					(S2)




All parameters of Eqn. 1 can be estimated from behavioral and physiological or studies of allometric growth. Intraspecific (and interspecific) competition for resources enter via the ratio exponent in . Furthermore, the top trophic level in Eqn. S1 obeys the same relation, except that the right-most term for “predation” is absent, but as in all levels, an intrinsic net death rates () occurs. The growth rate and death rates of individuals and the population are governed by the ratio of total resource acquired (supply, S(t)) to total demand (D(t)) at any time t (i.e. 0< S(t)/D(t)=h(u,t) <1), and provide timely reciprocal feedback between resource and consumer dynamics [59, 109]. Under non-limiting conditions, S/D ~1, and after correcting for v would fulfill the requirements of the ¾ rule of metabolic scaling [110]. In pelagic and benthic organisms, near isometric scaling (1:1) may occur due to respiratory costs of activity (see [110]); costs that could be accommodated in the MP model as. Because search is imperfect, S/D = measures the departure of the population growth rate from the maximum. 
Organisms often seek multiple resources (i.e. j=1, ..., J), and using analogous acquisition functions of h(uij), their effects on growth and reproduction rates may be added as follows:

 .								(S3)
An excellent example demonstrating the concepts inherent in eqn. S1- S3 are the Daphnia/yeast predation system (cf. [111]) depicted in Fig. S1.

[image: ]
Fig. S1. Influence of resources levels on population dynamics: (a) Daphnia/yeast predation system (cf. [111]; modified from (6)) with (b) showing how prey refuge was increased, and (c) how the predator search area may be increased.

[bookmark: _Hlk530132195][bookmark: _Hlk530132252]S3.2 PBDM/MP with age, stage, and mass structured and distributed maturation times - Considerable physiological and behavioral detail can be introduced into classical age structured population dynamics models based on main text Eqn. 1 without introducing inordinate complexity and detail [9, 11]. Among the suite of classical models that have been used to develop age-number (mass) structured PBDM/MP of plants and animals are the Leslie [112], von Foerster [113], Sinko-Striefer [114], Manetsch [115], Vansickle [52] and the forward Fokker-Planck partial differential equations [54] models (see reviews by de Wit and Goudriaan [105]; Curry & Feldman [116]; Gutierrez [104]; Di Cola et al. [53]). Some of these models enable incorporation of distributed (stochastic) maturation times and mass growth of cohort members as observed in nature.
For simplicity, we use the time invariant distributed-maturation-time demographic model ([115]; see Pascal code in Supplementary Text S5) to illustrate modeling distributed maturation times in age-structured mass dynamics models. Note that if developmental time or other attributes vary over time, say due to say nutrition or other factors, the time varying form of the model [52] would be more appropriate and does not introduce inordinate additional complexity. The general form of the time invariant Manetsch – Vansickle model for the ith of k age classes of the jth stage or population (e.g., whole plants, plant sub units or higher trophic levels) is 

.					(S4)
nji as a rate is the density (mass or numbers) of the ith age class of the jth population or species at time t, 

is the number of new individuals of age 0,
kj is the number of age classes, 
xj is the expected mean developmental time,
dt is a change in time (e.g., a day),
xj is the daily increment of physiological age (see below),

 is the maturation rate from the age class kj during xj, with variance of maturation times

. Note that var can be estimated from experiments and used to estimate kj,

is the proportional age-specific net-loss rate at time t as modified by temperature, age, net immigration, and mortality due to intrinsic and extrinsic factors (e.g., natural enemies). 


 is the number (or mass) of individual of stage (or species) j in the population at time t. If j is for the adult stage, then is total population births and i=1 is the youngest reproductive age, bji is the per capita birth rate at age kji during xj.



Births () enter the first age class of the immature stage, with flow rates of individuals occurring between stages. Net mass growth rate and can be computed as part of the net proportional loss rate that may be (+, -). Survivors reaching the maximum mean age xj exit at a rate and depending on the stage flow into the next stage or exit the population in the final stage as deaths (Fig. S2a). (By analogy, births in plants could be the production of new plant, plant subunits or seeds.) The computations for the dynamics of all species at all different levels with and without mortality are made with the same few lines of computer code (see below). 
Another, more mathematically sophisticated model used to describe a stage-structured population is based on a system of forward Fokker-Planck partial differential equations [54]. This stochastic demographic model also takes into account the variability of the development rate among individuals. Suppose the population composed by  stages. Denoting by  () the abundance of individuals in stage  () at time t, with age x, and by  and  the stage-specific development and mortality rates, respectively, the population dynamics is described by the system:
			(S5)
						(S6)
								(S7)
   								(S8
where the functions  () are the initial distributions, and the  are the diffusion coefficients, that allow variability of development rate among individuals. The functions  represent the fluxes from one stage to the next. More precisely,  is the egg production flux and is given by
 				(S9)
where  is the biodemographic function of the number of eggs produced per adult with physiological age in  per unit time. The number of individuals in stage  at time  can be obtained integrating functions over the physiological age: 
Both models (eqns. S4 and S5) give similar results for the same system structure.
The models can be used to capture the time varying dynamics of Nicholson’s laboratory blow fly experiments [117, 118]. Specifically, adult density (Fig. S2b) and size (Fig. S2c), and density of larvae (Fig. S2d; see S/D ratio) and pupae (Fig. S2e). The ratio 0<S(t)/D(t)<1 ratio measures the average success of larvae in intraspecific competition for the time varying supply of liver, and affects the size of resulting pupae and adults as well as their mortality rate. Potential fecundity is a linear function of adult size with the S/D ratio scaling it to realized fecundity at time t. Eggs enter the first age classes for numbers and mass. Intrinsic mortality (dashed arrows in Fig. S2a) occurs in all age classes. No attempt was made to adjust parameters to improve the fit to the adult data.

[image: ]
Fig. S2. Simulation of one of AJ. Nicholson’s [117, 118] blowfly/liver experiments (50g liver per day): (a) schematic representation of the age, stage, and mass structure of blowfly; (b) observed and simulated number of adults; (c) simulated mass of all adults; (d) the interplay between simulated larval density and the S/D ratio; and (e) the number of pupae (see [11, 104]).

[bookmark: _Toc15650834][bookmark: _Hlk518367784][bookmark: _Hlk530132303][bookmark: _Hlk518367802]S3.3 Modeling individual organisms - Huston et al. [86] reviewed the progress and utility of individual based models and recognized that one of their powerful aspects was to integrate many different levels in the traditional hierarchy of ecological processes. Eqn. S1 has been used to model an individual plant (e.g., cotton) and individual animal (e.g., a female lady beetle) by modeling how individual organisms acquire and allocate energy (i.e., the metabolic pool model).
[bookmark: _Toc15650835]A single plant – Assume an individual plant with age structured subunits growing in a defined area where it searches for and captures sunlight, water, and nutrients. A plant is composed of age structured populations of leaves, root, stem, and fruit (Fig. S3a) and in our model consists of six {n = 1, 2, …,6} linked age-structured PBDMs for the mass of leaves {L, n=1}, for stem {St, 2}, root {Rt, 3} and for the mass (subscript M) and number (subscript N) of fruit {FM & FN, n= 4, 5} that are linked via the metabolic pool model (main text eqn. S1) and the allocation priorities. We could add additional details such as the number of leaves, branches and other subunits, but experience has shown this is not required. The distribution of developmental times given different age-classes k of plant subunits is illustrated in Fig. S3b. 
[image: ]
[bookmark: _Toc15650836][bookmark: _Hlk518367974]Fig. S3. Conceptual application of a distributed maturation time model to plants: (a) age structured subunits models of a single plant, (b) illustration of the distribution of developmental time with different numbers of age classes (i.e., the higher the number of age classes the narrower is the distribution), and (c) an age structured meta - population of plants (ρ) each with plant subunits populations and area for growth depicted in (Fig. S6a). The left superscript m is for mass and n is for number.






Rules for resourse allocation - Fig. S4 shows the acquisition and allocation of resources by a plant [18, 119, 120] and an insect (e.g., a lady beetle; [121]), and illustrates the priority scheme for allocation with reproduction (R) having a higher priority than growth (G) in reproductive adults (see). Specifically, (1-) is the egestion rate,  corrects for converting resource to self,  is the plant’s concave functional response (i.e. photosynthesis) model driven by assimilation demands D, ML is the age structured leaf dry biomass (L), l = g CH20 m-2 day-1 is light incident per m2 in the growing area converted to g CH20 [122];  is the proportion of light intercepted as a function of leaf mass (ML) converted to leaf area relative to the area available for growth (i.e. LAI; cf. Beers Law); MT is the dry biomass of all respiring tissues; D = dleaves + dstem + droot + dfruit + dres is the total demand for the maximum per plant growth rate of leaves, stem, roots, fruit and reserves; v(t) is metabolic cost rate per unit of green plant mass (Mtot(T)) at temperature T; Dh( ) is the supply of photosynthate scaled by the product of the supply/demand ratios for nutrients () and water () uptake () each computed using the same functional form as Dh( ) with the search rates in the soil dependent on an analogous root area index and the quantities of nutrient and water available, and Δres is the available daily reserves available for allocation. The total age structured demand of growing fruit is , where df,i is the per capita age specific demand rate of fruit numbers (fn,i) of age i  per unit of physiological time unit  that varies over time (t) with temperature T. The demand for and  are assumed proportional to plant dry matter demands.

		(S10)
[image: ]
Fig. S4. Simplified per capita metabolic pool model for a plant or animal (see [104]).


To illustrate how assimilation is implemented per capita in discrete form (see Fig. S5), let S(t) be the supply of photsynthate produced by the leaf mass at time t (see functional response in the biodemographic review below), and D(t) is the sum of maximum demands by the five component populations over their k age classes(i.e. D(t) = ):
d1 is the cost of photosynthesis, maintenance respiration, and light respiration,
d2 is the potential growth rate of fruit (F, reproduction),
d3 is the potential vegetative growth rate of leaves (L, leaf mass), stems (St), and roots (Rt) plus reserves (Res).
Specifically, after correction for wastage (egestion, ), corrected for costs of conversion of resource to self (), and the remaining available supply (call it S1) is apportioned to meet the i demands according to the following priority scheme (see [18]): 
1. S2(t) = S1(t) – d1(t) (i.e., metabolic costs are subtracted, and if d1(t) > S1(t), the organism uses res(t)=res(t) - (d1(t) - S1(t)) that if res(t)<0, the organism dies.
2. if S2 > 0, then S3 = S2 - gF, where gF = d2.rl and rl = S2/d2, rl [0,1]. (i.e., reproduction (F) growth occurs)
3. if S3 > 0, then S4 =S3 – gV, where gV =d3r2 and r2 = S3/d3, r2  [0,1] (i.e., vegetative (V) growth occurs).
4. if S4 > 0, S5 = S4 - gV, 0 < Res(t) = Res(t)+ S5< (St + Rt) are the total masses of stem and root at time t and = [0, 0.1]. 
The allocation to each age class i of a sub population (say leaves, L) is the age specific (left super script i) demand idL scaled by the appropriate S/d ratio r2; (i.e. igL = idL r2 (see eqn. S6. above)).
[image: ]
Fig. S5. The above is a partial flow diagram for the daily computations in the cotton PBDM model, and Fig. S6 shows the output of the simulation model [17].
[image: ][image: ]
Fig. S6. Physiologically based model of a cotton plant: (a) population of plants with the age structured energy flow dynamics of one of them and (b) the simulated dynamics of fruiting (squares and bolls), (c) dry matter allocation to plant subunits, (d) the daily rate of dry matter allocation and (e) the cumulative dry matter allocation during the growing season (see [11, 123]). 

S3.4 Realistic population dynamics models of poikilotherms (e.g., plants, insects) - In the field, plants in a population may be of different sizes and ages, and have different areas and resource levels for growth (i.e., a meta-population, [124]) (Fig. S6a). We first discuss the simpler case of a crop that can be viewed as a population of average uniformly distributed plants (i.e. a canopy of crop plants) that are basically the single plant model multiplied by density to estimate the crop canopy response. The patterns of average plant sub unit growth (cotton; Fig. S6b), dynamics of fruit subunits (Fig. S6c), the daily allocation pattern to the different plant subunits and respiration are seen in Fig. S6d, and the cumulative allocation is seen in Fig. S6e (see [11, 123, 125]). 
[bookmark: _Hlk518367928]The simplest tri-trophic population models to develop are based on a canopy of plants that harbor populations of higher trophic level species. Each herbivore species is linked to the age-stage dynamics of specific plant sub model population it attacks (e.g., fruit) according to predefined preferences. Similarly, each natural enemy would attack herbivore species in an age-stage specific manner, and may compete with other natural enemies directly or indirect. The canopy level approach has yielded highly satisfactory results, and a partial list of multi-trophic PBDMs developed using this approach is found at https://www.casasglobal.org .

[bookmark: _Toc15650838]S3.5 Individual models of higher trophic levels – The model can be used to model the growth and development of individual herbivores or natural enemy in the manner outlined for a single plant with all parameters estimated from laboratory experiments. A good example is the model for growth and development of a population of convergent lady beetle (Hippodamia convergens) [121, 123] (Fig. S7a). Fig. S7b shows the growth and cumulative reproduction, Fig. S37c shows the daily allocation pattern, Fig. S7d compares observed and predicted cumulative reproduction, and Fig. S7e illustrates the cumulative allocation. Note that the rate for egestion >> growth and reproduction > respiration. While the allocation strategies vary considerably among species (cotton vs coccinellid), the allocation priorities remain the same. 
Additional aspects of the life history such as dormancy can be easily added [126]. The biology of natural enemies, and especially parasitoids, may be quite complicated (see [127]), but even this level of complexity can be handled as it is mostly a case of book keeping greatly facilitated by the modular same-structure of the model.

[image: ]
Fig. S7. Physiologically based model of a ladybeetle female: (a) population of female with the age structured energy flow dynamics of one of them (cf, [121, 123]), (b) dry matter allocation to beetle subunits, (c) the daily rate of dry matter allocation, (d) cumulative egg production, and (e) the cumulative dry matter allocation during the growing season [11].

[bookmark: _Toc15650841][bookmark: _Hlk518367994]S3.6 Meta populations across trophic levels - A meta-population of individual plants would have populations of herbivores and natural enemies on them [128]. While modeling a tri-trophic meta-population of plants is possible, modeling all individuals in higher tropic levels on each plant is impractical and the exercise quickly satisfies Crawley’s [129] admonitions against complexity; of quickly getting lost in the details and of likely meeting computational constraints. A feasible way to circumvent these constraints is to model a meta-population of plants using the PBDM paradigm (see above) and then use simplified mechanistic population models of higher trophic levels based on bio-demographic functions (see next section). An example of this approach is the meta-population model of the West African cassava system consisting of cassava mealybug, two parasitoids and a coccinellid predator, and cassava green mite and two predators [128]. A major unresolved problem in multi-trophic meta-population studies are the rules for net movement of the arthropod species [128]. In the cassava food web example, the success in resource acquisition of each species as measured by their S/D ratio on a specific plant is assumed to influence their net migration rates. However, while the meta-population system enabled estimating daily averages and variance for each of the interacting plants in the populations, the average patterns are similar to those of the canopy version of the model and contributed little to deeper understanding of the ecology of the cassava system.

S4 Simplifying PBDM development using biodemographic functions (BDFs) 
[bookmark: _Hlk518368007]Similar biodemographic functions (BDFs) can be derived that occur across different levels of biological organization (Fig. S8), and these can be used to simplify and yet enrich PBDMs. Among the BDFs are: temperature dependent developmental rates, resource acquisition functions (functional response), per capita reproductive profiles and, mortality rates. Dormancy may occur in any trophic level, but the cues may vary widely. Many of the BDFs may also be used in metabolic pool-based models (PBDM/MP). 

[image: ]
Fig. S8. Generalized biodemographic functions used in the development of PBDMs (solid lines) with the dashed being the effects of other factors (see text): (a) type II functional response as modified by temperature, (b) rate of development on temperature as modified by nutrition (see c), (c) a scalar function for the effects of nutrition on the developmental rate, (d) oviposition profile on age at the optimum temperature, (e) scalar function of the effects of temperature on reproduction with nutrition effects being another potential factor, (f) the mortality rate on temperature as modified by say nutrition and relative humidity, (g) proportion of susceptible stages entering diapause (dormancy) as a function of day length, and (h) proportion of susceptible stages entering diapause (dormancy) as a function of day length and temperature (modified from [43]).



[bookmark: _Toc15650842][bookmark: _Hlk530132690]S4.1 Temperature dependent developmental rates – Developmental rates in poikilotherm species varies with temperature [130]. The time step in PBDMs may be of any length, but for convenience we use a daily interval. In physiological time units, however, the time step may differ among species and in the field may vary considerably over time due to changes in temperature and other factors. For example, the rate of development per day (as a proportion) at temperature T and non-limiting resources is R(T)=1/xs(T), where xs(T) is the average developmental time in days of the stage or species s at temperature T (Fig. S8a). More complicated functions have been proposed to describe the relationship of Rs(T) on temperature [131–135], but often the available data are unreliable or simply unavailable at the extremes of temperature that are marginally suitable for development. Here we take a simpler approach modified after Brière et al. [136] where the developmental rate function (eqn. S11) characterizes the lower () and the approximate upper thermal () thresholds for development, and b and c are fitted constants (Fig. S8a). 

							(S11)

Nutrition () and other factors (e.g., relative humidity (RH)) may affect the developmental rate and the thermal thresholds as well (see [132, 133]), and these effects can be introduced directly or as scalar functions. The effect of nutrition is concave function (eqn. S8; Fig. S8b) 

,		(S12)

and introduced as a scalar. The effects of RH or other factors could similarly be introduced as scalars (e.g., .

								(S13)



The true shape of such functions (e.g., and) can be estimated from data. Hence, individuals entering stage s at age x=0 at time t=t0 will complete development when. 



The developmental time model may be formulated in degree-days (dd) where) is computed in the linear range of eqn. S7. Specifically, we can compute the daily changes in dd as  with average development completed when .   
[bookmark: _Toc15650843][bookmark: _Hlk518368031]
S4.2 The functional response model – The acquisition model (h(u)) in eqn. S1 is the functional response model from population ecology that has been termed the prey death rate and the numerical response consumer birth rate [78, 79] (Fig. S8c). The theory underpinning the concave driven functional response models differs for predators which consume resource making it unavailable to other predators, and for parasitoids, where super and multiple parasitism are possible [139–141]. In our applications we use a per capita demand (D) driven functional response models that increase realism in three important ways: they provide the motivation for search, limit maximum consumption to realistic assimilable levels, and extend the applicability of the model to a wide range of consumer – resource applications. The demand may be in numbers of individuals, energy, biomass, or other units (e.g., units of nutrient or volumes of water uptake by roots). 
[bookmark: _Hlk530132848]Specifically, the demand driven Gutierrez-Baumgartner predator form of the model is used for predation processes such as photosynthesis, water, and nutrient uptake by plants and for biomass acquisition and consumption by herbivores (Ma) and true predators (eqn. S10; see [11]). The predator form of the model is

						(S14)



where D is the biomass demand per unit mass (Mi) per unit time (see below) and may be a constant or a function that can incorporate complicated forcing biology, preferences, and multiple prey and multiple predators (see [12]). The supply-demand function hi(u) is the proportion of DiMi acquired with parameter being the discovery rate (i.e. the proportion of the prey discoverable for attack), and takes values from zero to unity that may vary with species, organism age and size, responses to prey kairomones, preferences, refuges, and with changes in the search environment. If < 1 then () < 1 is the refuge of the resource from predation. However, could be used for certain bioeconomic applications where harvesting is very severe or if the consumer uses highly efficient kairomones to find prey. If  is a function of consumer size, the model becomes a type III model (e.g., LAI of plants). 
The Gilbert-Fraser parasitoid model [142] is used for species that seek individual hosts (Na) but that may be attacked multiple times (eqn. S11). The parasitoid forms of hi(u) can be derived from eqn. S10 by making simple assumptions about random search and attack behavior ([11], page 82-84). Reinterpreting in a fully ratio dependent form and ignoring trophic subscript, D is the per capita demand rate of parasitoids (P) for individual hosts (N) per unit time,  is the proportion of hosts that may be found, and Na is the number that are attacked one or more times. Again, h(u) is the proportion of the demand met. We note that this model may also be used for herbivores such as pink bollworm that make multiple attacks on the same host (individual fruit).


.						(S15)

[bookmark: _Toc15650844]S4.3 Reproduction – Reproduction by in plants and animals may occur as a single burst or may be distributed per dd over the age (x) of the adult stage at optimal temperature. eqn. S12 is a commonly recurring form with fitted constants a, b (f(x)) (see Fig. S8d; cf. [143], but there are other forms.

									(S16)



The maximum reproduction demand rate (DF, eqn. S13) by all females (srN(x)) may vary with the sex ratio (sr), nutrition , relative humidity , temperature , and possibly other factors at time t (see components in Figs. S8a, d, e).

),						(S17)



where is the change in physiological time and is the realized reproductive rate with h(u) defining the proportion of the reproductive demand satisfied (eqns. S14, S15). An important aside is that the concave function (Fig. S8e) may be viewed as the normalized difference between the resource acquisition rate and respiration plus conversion costs at temperature T. 
The per capita growth rate can be modeled in a similar manner. The scalars that capture the effects of temperature, nutrition and other factors on vital rates, allow side stepping the development of the more complex metabolic pool model.



[bookmark: _Toc15650845][bookmark: _Hlk518368051]S4.4 Mortality – Temperature dependent mortality of stage s is assumed to be minimal at the optimum temperature which occurs near the midrange of temperatures suitable for development (i.e.) and is convex increasing above and below  temperature (Fig. S8f). The simplest model is eqn. S18. 

,						(S18)



where  is a constant, but it could be a function that accommodates say the effects of nutrition, RH and other factors, and enters the model as a survivorship term . Some species may become cold or heat tolerant during periods of dormancy and the mortality function may be shifted several degrees during these critical time periods. The mortality from higher trophic levels (e.g., ; Eqn. S1) can also be incorporated as additional loss rates (e.g., i+1).

[bookmark: _Toc15650846][bookmark: _Hlk518368062][bookmark: _Hlk518368082]S4.5 Dormancy – Dormancy may occur in perennial plants in many stages (e.g., whole plants, bulbs, seed) and similarly in different stages in pokilothermic animals. Dormancy may be induced by low or high temperature, and short photoperiod or other factors (see [144]). In some cases, modeling this behavior may be relatively simple or may be more complicated as different portions of the population may enter dormancy at different times over extended periods of time due to the level of one or more environmental cues. Two examples of diapause are illustrated in Figs. S8: a simple model for grape berry moth (Lobesia botrana; Fig. S8g) and a more complicated model for the pink bollworm (Pectinophora gossypiella (PBW); Fig. S8h; [36]). Modeling dormancy is critical if one seeks to predict the phenology and dynamics of field populations across years as was done in the text for pink bollworm, and is especially critical in modeling field dynamics across a wide geographic area. Figure S8h shows one solution for modelling diapause, say in PBW (see Fig. S9).
[image: ]
c.
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Fig. S9. Sub model for diapause induction. (a) An age-structured models for the dynamics of a non-diapause (open symbols) species with egg (e), larval (l), pupal (p), and adults (a) stages, and (b) an example of a species with the same life stages but with diapause (dark stippled symbols) induction occurring in the egg and larval stages that flow from the non-diapause age classes to same age diapause classes, and (c) the diapause model for pink bollworm. (NB Of course diapause may be initiated in any substage.) Development of diapause eggs and larvae continue until they become first stage diapause pupae (black square) that, in spring, begin development (light stippled squares) to emerge as adults. The proportion of the eggs-larvae that enter diapause follow the rules of Fig. 8g, h, and/or other rules. Note that the distribution of developmental times could be any of the family of functions in Fig. S3b.

[bookmark: _Toc15650847]S5 Borland Pascal code for the delay model with and without attrition (eqn. S4; cf. [111]; discretization after [145])

Procedure Delay(vin: single);    
            	var {variables that enter with a call to the delay routine}
	{vin is the number or mass of new individuals (births or new biomass) at time t}
r    	: single100; 	{population array as a rate -- r array}
           	plr      	: single100; 	{proportional loss rate -- attrition array}
vout     : single;          	{out flow from the array}
            	shed    : single;    	{attrition from array}
            	del      	: single;    	{mean developmental time through k sub stages}
            	dt      	: single;   	{change in daily physiological time }
           	k        	: integer); 	{number of sub stages in r}
{variables internal to the delay routine}
	idt	: integer;
	i, j	: byte;
            	A, shd 	: single; 	{see definitions below}
begin
            shed:= 0.0;
	vout:= 0.0;
        if dt > 0.0 then begin 
  	vin:=vin/dt;
  	idt:= trunc(1. + (2.0*dt*(k/del)));    {number of iteration for a specific day}
	A:= (dt / (del/k)) / idt;    { A is scalar for dt for flow rate from one sub stage to next }
{WITH ATTRITION as a proportional loss rate (plr)}
	if (nonzero(plr, k)) then for j:= 1 to idt do
                begin
	    		vout:= vout + A*r[k];
        		for i:= k downto 2 do     {--reverse do loop -- k to 2-- }
			begin
				r[i]:=    r[i] + A*(r[i-1]-r[i]);
				shd:=   A*plr[i]*r[i];
				shed:= shed + shd;
				r[i]:=     r[i] - shd;
			end;
                	if (j = 1) then r[1]:= r[1] + A*(vin*idt-r[1]) 
   else r[1]:= r[1] - A* r[1];
	            shd:= 	A*plr[1]*r[1];
        	            shed:= shed + shd; 	{cumulative attrition}
                	r[1]:= 	 r[1] - shd;
	      end {for j}
	else
{WITHOUT ATTRITION --if plr = 0 then no attrition occurs and uses the following code}
		for j:= 1 to idt do
		begin
			vout:= vout + A*r[k];
			for i:=  k downto 2 do r[i]:= r[i] + A*(r[i-1]-r[i]);
			r[1]:=    r[1] + A*(vin- r[1]);
		end; {for j}
       end; {from if dt > 0.0}
end;  {Procedure DelayWithPlr > 0}

S6 Summaries of statewide data for AP, GJ, KA, MH, and MP used in the text [image: ]
Fig. S10. Average income ($ day-1 ha-1) during 1999-2014. Inset figure is a plot of average income ($ day-1 ha-1) on average yield (kg ha-1). * Note that the high values in 2011 were due to abnormally high cotton prices.

[image: ]
Fig. S11. Average revenues (symbol , lint cotton) and costs per ha (symbol ; fertilizer + insecticide + seed). * Note that the high values in 2011 were due to abnormally high cotton prices.
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Fig. S12. Adjusted statewide cotton farmer suicides per year per million hectares of cotton during 1999-2014.
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