
CHAPTER 6: APPLYING THE SUPPLY & DEMAND MODEL TO THE NORTH TIEN SHAN 
 

6.1 Overview 

 

The Supply & Demand (S&D) model, as developed in chapters 2 and 3, attempts to predict and 

visualise both the equilibrium position and dynamics of a spatial renewable resource harvesting system 

by explicitly deriving the supply and demand functions for that system. The forms of those functions 

themselves are not inherent to the S&D model, only the approach.  

 

This chapter derives S&D models for the NTS case study and analyses their performance in 

comparison to the outcome of the simulation model from the last chapter, which for present purposes 

serves as an surrogate ‘reality’. The aim is to determine both whether the S&D model is inherently 

capable of summarising the dynamics of a complex system, and how the accuracy with which it does 

so depends upon the amount of information available from the system and the state of the system when 

that information is collected. To this end, a number of version of the S&D model are constructed, 

drawing on differing information resources: 

• A priori version. This was parameterised directly from field data and published information. 

It uses the simplest equations that might reasonably be expected to summarise the processes 

involved, and hence has many similarities to the generic models of chapter 3. The differences 

are that the spatial structure of the model is based on a real, heterogeneous landscape, that 

system dynamics are treated explicitly, and that stochasticity is included. The a priori model 

was constructed before the development of the simulation, and therefore without reference to 

it. 

• Fitted version. This is based on perfect knowledge of the simulation, i.e. the ability to collect 

unlimited data from it without error. Its component functions are fitted directly to the output 

of the simulation with only weak initial assumptions regarding their form. The aim is to 

address fundamental differences between the behaviour of the S&D model and the 

simulation; i.e. to address whether simple, universal functions have sufficient flexibility to 

recreate the simulation dynamics regardless of informational constraints. 

• Sampled version. This involves a scenario in which a simulated population free from 

exploitation becomes subject to poaching. The population decline due to poaching is noticed 

or inferred, and an attempt is made to predict its outcome through the construction of an S&D 

model. The model can be parameterised only on the basis of existing information, and that 

which can be collected by sampling from the simulation under a plausible system of sampling 

error. As the scope of the data that could realistically be collected is limited, a number of 

aspects of the model have to be assumed a priori, and are therefore shared with the a priori 

model. The aim is to assess whether the S&D model could provide a functional management 

tool in a plausible management scenario, and the sensitivity of its predictions to the intensity 

and structure of the sampling regime. 
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The simulation of alternative sampling regimes in the sampled version is paralleled by earlier uses of a 

“virtual ecologist” to define efficient sampling regimes (e.g. Berger et al. 1999;Grimm et al. 1999; 

Tyre et al. 2003; Field et al. submitted). In this case, however, the efficiency of sampling is a 

subsidiary question to that of whether the modelling approach is useful at all. Again, this has 

similarities to the combination of operating and observation models in fisheries management strategy 

evaluation (Sainsbury et al. 1999; see 8.5.1). 

 

Assumptions common to both the simulation and the S&D model cannot be tested by comparing the 

two. The sensitivity of the system to common assumptions is therefore also investigated. This 

particularly concerns the economic parameters and processes. 

 

The discussion addresses both the questions of how the S&D models perform in representing the 

dynamics of the simulated system, and whether any of the models are actually relevant to the real 

situation in the NTS. 

 

 

6.2 Structure of the S&D model 

 

6.2.1 Supply & Demand equations 

 

The bases of the S&D model are the forms of the AC and demand functions, which, given an 

assumption of open-access harvesting, become the supply and demand curves and predict the 

equilibrium for the system. Following on from chapters 4 and 5, demand, D, is again assumed to be 

perfectly elastic at 70 som per kg meat. 

 

The equilibrium supply curve, S(C), is determined by the sum of net population growth across space, 

and the expected cost, which is identical across space. I.e., where space is divided into discrete units: 

 

S = Σ ai(g(Ni) + m(Ni))  for all i       Eqn 6-1. 

where, ai is the area of the ith unit, 

Ni is the population density in the ith unit, 

g(N) is a growth function, and m(N) is a migration function. 
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where, ch(N) is the hunting cost function, 

cf is the fixed cost, 
t
ic  is the transport cost to and from area i, 

B is the number of animals caught on a single trip, 
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W is the weight of meat obtained from each animal, and n is the number of hunting group members 

amongst which it must be shared. 

 

Symbol Variable / parameter identity Symbol Variable / parameter identity 
C(S) Unit production cost of meat (signal 

cost – actual stochastic value used by 
hunters to calculate profit) 

R(t) Discrete annual intrinsic growth rate 
(where given subscript t, this refers to 
the stochastic annual value) 

εC C error term Ki Carrying capacity density in ith spatial 
unit 

co Opportunity cost of time KT Total carrying capacity size 
cf/m Fixed / material cost per capture S Net annual population growth  
ct

i Transport cost for ith spatial unit εS Annual growth error term 
tv

(i/t) Variable time per capture, i.e. τth 
(where given subscript t, this refers to 
the stochastic annual value, otherwise 
to the stochastic value for the ith 
animal) 

εe/d/h Environmental / demographic / hunter 
response population growth error term 

εt Variable time error term σe/d
2  Environmental / demographic variance 

T Maximum time per hunting trip d Strength of density dependence 
τ Total time per capture α Proportion of adults in population 
th Handling time m Proportion of males in population 
tk

(i) Hunting time per kill (the subscript i 
refers to the ith spatial unit in the 
deterministic model, and the ith animal 
in the stochastic model) 

φ(max/min) (Maximum / minimum) fertility ratio – 
the maximum number of females 
fertilised per male 

tt
i Travel time for a round trip to the Ith 

spatial unit 
Q Annual offtake 

H Capture rate constant E Total hunting effort, in hunter group 
equivalents 

dh Herd disturbance history ta Average number of days spent hunting 
per year by a single hunter group 

Bi Bag size in ith spatial unit, i.e. number 
caught per trip 

EE Expected hunting effort; equal to the 
number of active hunter groups 

W(t) Mean meat weight per animal (where 
given subscript t, this refers to the 
stochastic annual value) 

CVh Coefficient of variation in activity of a 
single hunter group 

εW Mean meat weight error term ∆EE Yearly change in the number of active 
hunter groups 

ν Number of hunters per group η Effort adjustment rate 
ai Area of the ith spatial unit CVη Coefficient of variation in effort 

adjustment 
s Mean herd size D Demand price 
Ni Population density in ith sector ε Own-price elasticity of demand 
NT Total population size. B(N, p) Binomially distributed outcome with N 

trials and Pr{success} = p 
NS/W Total spring [i.e. start-of-year, post 

reproduction] / winter [i.e. end-of-
year, pre-mortality] population size 

N(m, σ) Normally distributed random deviate 
with mean m and SD σ 

∆NW Annual change in winter population 
size – where included in the RHS of 
an equation, this refers to the last 
annual change 

G(n, a) Gamma distributed random deviate 
with shape and scale parameters n and 
a respectively, such that the mean is 
n/a 

Nm/f  Total number of adult males / females E(m) Exponentially distributed random 
deviate with mean m 

r Continuous intrinsic growth rate U(l, u) Uniform random deviate within the 
interval l<U<u 

Table 6-1. Algebraic symbols for variables and named parameters referenced in chapter 6. 
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All variables and named parameters encountered in the algebra of this chapter are listed in table 6-1. 

 

 

6.2.2 Dynamics 

 

The model becomes dynamic when changes in effort are considered explicitly. The same assumptions 

apply to hunting effort in the simulation and S&D models, hence, expected effort is determined by the 

number of hunters, E, and changes in effort are proportional to individual daily profit: 
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where ta is the annual number of days spent hunting by a single hunter group, 

Q is the rate of offtake. 

 

Once this is specified, null-clines for C and Q can be plotted: 
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Hence the C null-cline lies where Q=S(C), i.e. along the supply curve. By definition: 

 

Q = Eta/τ         Eqn 6-5. 

where τ is the total time per capture, i.e. 
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Hence when η is large, i.e. effort response is rapid, the Q null-cline will lie close to the supply curve, 

and when η is small, slow response, it will lie close to the demand curve as surmised in section 2.2.3. 

 

 

6.2.3 Stochasticity 

 

6.2.3.1 Overview 

 

The aim of the stochastic, dynamic S&D model is to overlay plausible stochastic behaviour onto the 

simple deterministic S&D models equivalent to the supply and demand plots in chapter 3. I.e. once the 

supply and demand curves and the Q null-cline can be drawn for ibex in the NTS or any other system, a 

few assumptions on the form of stochasticity in the system should allow probabilistic predictions of 

dynamic pathways leading from any starting point on a supply and demand plot. 

 

The stochastic, dynamic model uses discrete time equations with an annual time-step, which should be 

appropriate to a system involving annual breeders such as ibex. The stochastic dynamic 

implementation must therefore take the continuous-time, deterministic supply curve already calculated, 

and both overlay appropriate stochasticity, and adjust the results for a discrete-time system. At each NT, 

the supply curve predicts a value of C and equilibrium offtake, S. The annual change in NT is therefore 

S-Q. Q must be determined from C and E. E adjusts according to the profit in the previous year, which 

depends on cost. The cost that determines profit is the actual realised cost, however, not the 

deterministic value of C, which depends on NT. The actual cost, which is affected by stochasticity, is 

labelled Cs to denote its role as a signal in determining the change in effort in the following year. 

Figure 6-1 illustrates the flow of causality in the stochastic dynamic model and the relationship 

between the deterministic and stochastic C.. 

 

Hunters therefore base their predictions of the cost of hunting on the events of the preceding year. If 

there are no animals caught in the previous season, Cs is based on the assumption that the expected 

effort needed to catch an animal is the product of number of years since the last animal was caught and 

E in the previous season. If effort was also zero in the previous season, then Cs is based on the value of 

C for the NT from the previous season, incorporating a 25% CV due to estimation error. 

 

The deterministic model predicts a value of C for each population size. Population size decreases 

throughout the year, however, so the end-of-year population size, Nw, will not predict the expected 

value of C for the year as a whole. Early versions corrected for this by predicting the expected cost 

from Nw + Q/2, but at low population sizes, the C is so sensitive to small changes in N that this 

approximation is not acceptable. In the stochastic S&D models that are based on continuous time 

equations, Cs is therefore calculated by estimating the time to each kill from the value of C at each 

value of N throughout the year, and subtracting this from the total amount of hunting time available, 

until that time falls to zero. 
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Fig 6-1. Flow of causality in the stochastic dynamic model, and the points at which stochasticity 
enter the system. The lines bisecting the arrows signify the end/start of each year. 
 

When the model is initiated at a given NT and Q, the initial level of effort must be inferred from an 

estimate of NT for the previous year according to the expected, deterministic growth. 

 

 

6.2.3.2 Sources of stochasticity  

 

Population growth is affected by environmental and demographic stochasticity, εe and εd, which are 

modelled as normal random variates, with mean 0 and variances σe
2 and σd

2/N, respectively. 

Stochasticity is commonly introduced into reproductive rate by setting r(t) = R + εr in ∆N = r(t)N – 

g(N) , where g(N) is the density dependence term (Saether et al 1998, following May 1981). This 

cannot be reproduced in the dynamic stochastic model, so stochasticity is introduced by multiplying the 

expected population growth, S, by r(t)/r. The difference between the two should be very small at low 

population density as density dependence is weak, however. 

 

At low population sizes, sampling effects may produce biased sex ratios, which will produce an Allee 

effect, reducing female fertility if the ratio of adult females to males exceeds the number of females 

that each male can fertilise, and in extreme cases  will result in stochastic extinction if the number of 

members of either sex in the population falls to zero. Sex ratio varies according to the binomial 
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distribution. Note that this Allee effect is not the same as demographic variation because it concerns the 

number of offspring per reproductively active female, and can only have a negative effect on growth. 

 

Environmental variation in population growth represents background variation in climate, parasite load 

and predation within typical limits. Severe environmental events, especially epizootics and possibly 

severe winters, have the potential to suddenly reduce, but not increase population size (see e.g. Singer 

et al. 2000c; Robinson and Milner-Gulland 2003). These are not be included directly into the S&D 

model, but the impact of including such events can be understood conceptually as sudden movements 

in state space to lower values of NT, and therefore higher values of C. Corresponding changes in Q can 

be determined from the form of the relationship between C and NT. 

 

Variation in the behaviour of individual hunters will affect total time spent hunting each year by an 

individual hunter, and the spatial distribution of hunters in response to prey densities. The deterministic 

S&D model assumes that hunter distribution adjusts instantly and perfectly, which in reality cannot be 

the case. There is no information on which to base the additional cost due to deviations from 

optimality, but given that lags in response are likely to have a greater impact when the prey population 

is changing more rapidly, the relative increase in C is related to the magnitude of the relative annual 

change in NT. For both processes, the response of each individual hunter is assumed to be normally 

distributed with a constant coefficient of variation, such that the variance of the overall response is 

inversely related to the number of active hunters. 

 

Deviations from optimal hunter distribution should also impact global population growth. The overall 

effect could be positive or negative, but the magnitude should depend on the size of the deviation from 

optimality and on the strength of density dependence in the population. It is therefore modelled by 

introducing a further source of normally distributed variation into S, with CV equal to the relative cost 

deviation multiplied by the strength of density dependence.  

 

Variation in entry/exit responses to the profit incentive relate to the entire pool of potential hunters, 

rather than those currently active, and should be mostly due to social factors affecting the spread of 

information and the other economic opportunities available in a given year. The stochastic η is 

therefore assumed to be normally distributed with a constant CV, rather than one related to the number 

of active hunters. 

 

Hunting success is itself a probabilistic event. The actual hunting effort required for each kill therefore 

follows an exponential distribution, with a poisson rate constant inferred from the value of C. 
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6.3 Parameterisation 

 

6.3.1. A priori models 

 

6.3.1.1 Form of equations 

 

The generic bioeconomic model in chapter 3 used the simplest feasible equations, and these form the 

basis for the a priori S&D model. The initial assumption was therefore that hunting cost would be 

inversely proportional to prey density, i.e.: 

 

ch(N) = co.H/N         Eqn 6-8. 

where H is now the expected time to capture an animal at N=1; all variable costs are time-related in 

the NTS model. 

 

Conceptually, this is based on a random search for independently distributed individuals. The resulting 

rise in hunting costs at low prey population is extremely severe, however (see results below), 

suggesting that this form may not be appropriate. As ibex are distributed within herds, an obvious 

alternative is to make hunting cost inversely proportional to the number of herds, although this ignores 

the possibility that the detectability of herds may be affected by changes in herd size. As mean herd 

size is expected to be relate roughly to the log of population size (Toïgo et al. 1996), a second form of 

the a priori model was also constructed in which hunting cost is given by: 

 

ch(N) = co.H.(1+a0.logNT) / N       Eqn 6-9. 

where NT is the total population size implied by population density N. 

 

The growth function used is logistic. Saether et al. (2002) fit the theta-logistic function (Gilpin & 

Ayala 1973; Saether et al. 1997) to the growth of the C. ibex population. Although their best fit 

estimate of the skew parameter, θ, was greater than 1, it was not significantly different from 1. I.e. they 

were not able to reject the possibility that growth was logistic, as the theta-logistic function is given by: 

 

g(N) = rN(1 – (N/K)θ)        Eqn 6-10. 

 

The diffusion-based migration function from chapter 3 is not retained in the ibex S&D model, however. 

Movement patterns of solitary ungulates which inhabit cover, such as pigs, and roe deer, are probably 

fundamentally different from those such was ibex which form herds in open habitats. The former are 

more likely to be philopatric and evade predation by concealment, and their movements may perhaps 

be acceptably characterized by diffusive, or more likely saturation dispersal (Novaro et al. 2000). The 

latter rely on sighting predators from a long distance and maintaining a safe distance from them. If a 

simple diffusion model were parameterized on the basis of ibex mean daily movement distances, then 
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little change in density would be seen over a scale of 10s of kilometers. The responsiveness of ibex 

movement to predators and local opinion in the NTS, however, suggest that net movement may well be 

away from areas where hunting is most intense, rather than towards it, as predicted by simple density 

dependent models. As there is no clear indication how movement can reliably be modelled using 

simple functions, the migration term is omitted from the S&D model. 

 

 

6.3.1.2 Spatial structure 

 

The model landscape was divided into discrete areas on a scale likely to be relevant to hunting location 

decisions. In practice, this usually meant individual side valleys of the three major valleys or a couple 

of adjacent and mutually accessible side valleys formed single sectors, and adjacent sectors were 

typically delineated by the ridgelines of the larger spurs running down to the major valleys. In total, 40 

hunting sectors were thus identified. 

 

 

6.3.1.3 Biological parameters 

 

K. Densities quoted for C. sibirica range over an order of magnitude from about 1 to 10 km-2 (e.g. 

Roberts 1977; Schaller 1997; Fox et al. 1991), which is not surprising since they come populations in a 

number of different mountain ranges, suffering from various different degrees of anthropogenic 

disturbance. The ibex density in Altyn Emel National Park in SE Kazakhstan is roughly 4-5 km-2 (IoZ 

unpublished), in an area of steep, low hills, virtually all of which is suitable ibex habitat, and where 

there is some provision of salt during the winter and hunting is tightly regulated at a low level. A figure 

of 5 animals per km2 of prime ibex habitat was therefore chosen. On the basis of personal observations 

of ibex distributions and snow-lines, and the observations of ibex altitudes recorded in Green & Mahon 

(1996), prime habitat was defined as those 1-km squares with slope 2 or 3, and altitude between 3000 

and 3800, 3700 or 3600 masl for south-, east/west- and north-facing slopes respectively. A total of 676 

such cells occur within the model area, giving an overall carrying capacity of 3380, or roughly 1.99 

km-2 for the whole area or 2.39 km-2 within the area that is accessible to ibex. These figures are roughly 

in line with the ibex density of ~2.5 km-2 given by Reading et al. (1999b) for a vaguely similar area in 

Mongolia, and the optimal density, 1-1.3 km-2, at which Grachev (2000) suggested ibex should be 

managed for sport hunting in an area of the NTS just north of the study area. 

 

r. Large ungulates can be expected to have intrinsic rates of increase in the range 0.1-0.4 (Caughley 

1977). For C. ibex, r has been estimated at 0.15 and 0.25 for populations released in Swiss National 

Park (Saether et al. 1999, under logistic growth) and Belledonne in the French Alps (Toïgo et al. 1997; 

Loison et al. 2002). Field estimates for re-introduced Bighorn populations cover a similar range (Singer 

et al. 2000b), and Henneman (19983) calculated r for Bighorns as 0.25 using Cole’s equation. The 
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higher field estimate for ibex of 0.25 was therefore chosen, given that this fell within the range of 

estimates based on allometric relationships and direct comparison to similar species. 

 

Meat weight. Given hunters’ claims that they only targeted adult males, a constant mean meat weight 

of 40 kg was used. 

 

Herd size. Drawing on the indications of Toïgo et al. (1996), parameter a0 in equation 6-9 was set to 

2.5, to give an expected average herd size of c. 9.8 at carrying capacity. As population density is 

continuous in the S&D model, and can fall to very low levels within individual sectors, a minimum 

herd size of 1 is enforced. 

 

 

6.3.1.4 Economics/hunting 

 

Demand, opportunity cost of time, fixed costs due to ammunition and handling time, bag size, yearly 

effort per hunter, and the rate of effort adjustment were all based on the same assumptions as in the 

simulation model (see chapters 4 & 5). 

 

H. Hunter interviews roughly suggested a successful approach during every 2.5 days hunting (see table 

4-8). As the generic bioeconomic models of chapter 3 suggests that most hunting effort is concentrated 

on the area of medium prey density, H is set at a level such that the expected hunting time is 2.5 days 

when prey density corresponds to 0.5K. I.e. for the version in which hunting cost is inversely 

proportional to the number of ibex, H ≈ 2.99. 

 

Travel time. Round-trip travel times to the start of each sector were calculated using the same rules as 

for travel movements in the simulation. 

 

B. Maximum bag size is 1, as previously (see table 4-8). Simply setting B = 1 in equation 6-2, 

however, would be equivalent to assuming that every hunting trip is successful. The 5-day limit to the 

length of each hunt is retained, so the expected number of trips per kill is given by the negative 

binomial distribution (Ross 2002) as 1/p, where p is the Poisson probability of at least one kill 

occurring in the available hunting time (5 minus travel time), with a rate constant given by the inverse 

of the expected hunting time. Expected bag size is the inverse of the expected number of trips per kill, 

hence: 
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−=          Eqn 6-11. 

where H.f(N) is the expected hunting time per kill in and tt is the travel time to the location in question. 
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6.3.1.5 Stochasticity 

 

Environmental and demographic stochasticity, εe and εd. Saether et al (2002) lumped demographic 

and environmental stochasticity, and estimated the combined σ2 at just over 0.02 for alpine ibex in 

Swiss National Park. The only studies to have estimated σe
2 and σd

2 for wild populations come from 

temperate passerines, for  which the the ratio σd
2/σe

2 was found to be about 7 (Saether et al 1998; Tufto 

et al. 2000). Values used in the S&D model are therefore σe
2 = 0.02, and σd

2 = 0.14. 

 

Sex ratio effects. The expected proportion of adults was estimated to be 0.65 and the adult 

male:female sex ratio in a harvested ibex population was estimated at 1:2, according to a rough average 

of figures reported for C. sibirica in Altyn-Emel National Park (IoZ unpublished) and C. ibex in Swiss 

National Park (F. Filli, pers. comm.), the “optimal” range reported by Grachev (2000), and 

consideration of general life-history parameters. 

 

Ibex do not form large breeding aggregations and males do not defend harems, so the speculative 

fertilisation limit is based on the number of reproductively receptive females that a male would be able 

to find during the breeding season. This is expected to decrease with population density, due to changes 

in the expected number of females per herd with population density (Toïgo et al. 1996) and the fact that 

at low population densities males would either have to follow a herd for some time waiting for its 

females to come into season, or search widely spaced herds for females already in season. It is assumed 

that each male is able to fertilise 10 females at NT ≥ 700, and that the limit falls linearly with NT below 

this to 3 at NT=0. If the female:male ratio exceeds the fertility limit, then any positive reproduction for 

that year is reduced proportionately. Field studies have suggested that reductions in female fertility are 

unlikely unless sex ratios are highly biased (Laurian et al. 2000), and previous models of the 

population effects of sperm limitation have also used broad estimates of maximum fertilisation ratios 

(e.g. Ginsberg and Milner-Gulland 1994). 

 

The probability of stochastic extinction is only significant at small population sizes, and therefore is 

only calculated when NT fell to 20 or less. As population composition is not independent between 

consecutive years, it is assessed only once during every dip, or once every 5 years (which is roughly 

one ibex generation) if the population stays at or below 20 for more than 5 years. In each case, the 

lowest population size recorded during the relevant period is used. The Allee effect is calculated for 

each year regardless, as specific sex ratios and male success in locating females will show greater 

independence. 

 

Variation in individual hunter responses. In the absence of any data, a CV of 50% is assumed for the 

responses of individual hunters. E.g. for hunting effort, this implies that each hunter will hunt between 

5 and 15 days in 2 out of 3 years, which is probably a conservative assumption given that hunting is a 

casual activity. 
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Variation in η. Again there is no data on variation in η, and it is assumed to be normally distributed 

with a 25% CV. 

 

A summary of the equations and parameters used for each of the S&D models is given in table 6-2. 

 

 

A priori models Fitted model 

Deterministic cost 
C is measured continuously and is the same 
within each of 40 sectors, such that: 
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it  = H.f(Ni) 

f(Ni) = 1/Ni for individual-based model, 

f(Ni) = (1+a0.logNT) / Ni for herd-based model 

H = 2.99 (see 6.3.1.4) 

tt is determined according to rules for travel 
movement in 5.5.2.1 

co = 50 som day-1 (see table 4-8) 

cf = 18.5 som, determined from estimated 
handling time and ammunition costs (see table 
4-8) 

W = 40 kg (see 6.3.1.3) 

ν = 2 (see table 4-8) 

T = 5 days (see table 4-8) 

a0 = 2.5 (see 6.3.1.3) 

There is no spatial subdivsion. Cost per kill is assessed 
annually as for a priori model, except: 

2
1

aa
s0k

N
Na

Ht
�
�

�

�

�
�

�

� +
=

W = min{a3+a4.Nw, a5} 

H = 0.498  

a0 = -0.625 

a1 = 0.28 

a2 = -1.23 

a3 = 24.27 kg 

a4 = 0.002583 kg.animal-1

a5 = 32.5 kg 

All parameters were fitted by computer algorithm. 

Stochastic cost 
The hunting time before the ith animal is 
captured: 

k
it  = E(tk (1+ εC)), and 

v
it  = tv. /tk

it
k

Q = j-1, when: 
v
jt  > E.ta – Σ + (j-1).tv

it
h

Where: 

Annual offtake: 

Q = E.ta / ( + tv
tt

h) 

Where: 
v
tt = tv.(1+ εt) 

εt = εmin + G(nEN, aEN) 

εmin = b0 + b1.E + b2.(Ns-1) – µ 

nEN = nE1.√Ns

aEN = aE1.√Ns
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εC = max{0, N(C.|∆Nw/Nw|, CVh.C/√EE)} 

ta = 10 days (see table 4-8) 

CVh = 0.5 (see 6.3.1.3) 

aE1 = nE1/ µ 

µ = b3 + b4.E 

nE1 = n01 + β.E 

n01 = 0.134, fitted by computer algorithm 

β = 0.000128, fitted by computer algorithm 

The following parameters were fitted graphically: 

b0 = -0.828 

b1 = 0.0046 

b2 = 0.00016 

b3 = 0.112 

b4 = 0.0023 

 

Meat weight: 

Wt = min{max{W + εW, 10}, 50} 

εW = N(0, b5)/√Q 

b5 = 16.4, fitted by computer algorithm 

Deterministic growth 
Growth is a continuous function: 
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R = 0.3389, fitted by computer algorithm 

KT = 3143, fitted graphically (see fig 6-5) 

θ = 1.172, fitted by computer algorithm 

Stochastic growth 
Total annual growth is given by: 
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Rt = er-1 + εe + εd  

Allee function, A(Nw) = min{1, φ.Nm/Nf} 

Nm = B(α.Nw, m) 

Nf = ad.Nw - Nm 

φ = min{φmax, φmin + Nw/100} 

εe = N(0, σe)  

Stochastic realisations of annual growth are given by: 

Ns = Nw + g(Nw) + εS.Nw

Where: 
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p = U(0, 1) 

n = max{0, Nw-1000} 

realisations of εS < εmin were rejected 

The following parameters were fitted graphically: 

εmin = -0.9 

c0 = -0.004 
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εd = N(0, σd/√Nw) 

εh = 1 + d.N(0, εC/C) 

d = 1 – g(Nw)/r.Nw  

m = 0.33 (see 6.3.1.5) 

α = 0.65 (see 6.3.1.5) 

φmin = 3, and φmax = 10, which is achieved at 
Nw=700, (see 6.3.1.5) 

σe
2 = 0.02 (see 6.3.1.5) 

σe
2 = 0.14 (see 6.3.1.5) 

c1 = 0.0000045 

c2 = 0.00116 

The following parameters were fitted by computer 
algorithm: 

c3 = 1.21 

c4 = 28.6 

c5 = 0.852 

c6 = 43 

Table 6-2. Final S&D models and parameters. The sampled models have the same structure as 
the herd-based a priori model, except that f(N) = (a+b.logNT)/N, and H, W, a and b are calculated 
from the sampled data. The relationship between E and EE, and the processes determining effort 
adjustment are the same as in the simulation (see table 5-1). 
 

 

6.3.2 Fitted model 

 

The production of the fitted model was more empirical than theory-driven, and given the nature of the 

data on which it was based, there are some significant differences between its structure and that of the a 

priori models. As the simulation output consists of discrete annual observations, discrete annual cost 

and growth functions, based on the start- and end-of-year population sizes, were fit directly, rather than 

adapting continuous time functions, as in the a priori models. Stochasticity in each of the fitted 

functions was also determined directly from the simulation data, rather than from extraneous 

considerations. The additional elements of stochasticity in the S&D model – those affecting hunter 

responses, and stochastic extinction – are the same as in the a priori models, however. 

 

Given that the demand and effort components of both the S&D and simulation models involve the 

same assumptions, fitting an S&D model to the simulation involves fitting the shape of the supply 

curve. In addition to the form of spatial structure, three functions of ibex population size determine the 

supply function: expected cost per ibex caught, expected meat weight per ibex caught (together these 

two determine the unit meat cost, C), and the population growth function. Along with the degree of 

spatial structure used in the model, these three functions determine the shape of the supply curve.  

 

Meat weight was considered a constant, W, in the a priori models, but in the simulation it changes with 

population size (fig 6-2a). The form of the meat weight function in the fitted model, W(N) was not pre-

specified, but was suggested by the data.  

 

As all variable costs are time costs and expected travel time is determined by the expected capture 

time, the relationship between cost and N depends upon the form in which N enters the expression for 

capture time, H.f(N). Trial forms involved either the local population density or the local herd density, 

determined from local population density and a further function fit to the data, h(NT), which determines  

the average herd size given the current global population size. 

 173



 

The capture time function could not be fitted directly to the data, however, as there is no precise 

distinction between travel and hunting activities in the simulation. Expected variable time per kill (i.e. 

capture time + travel time) was therefore fitted to the same data from the simulation. Because H.f(N) 

also occurs in the expression for expected bag size (eqn 6-11), once spatial structure was introduced 

into the model, it was impossible to produce an analytical solution for the expected capture time at any 

given global population size. Instead an iterative solution was required, whereby the available 

population was divided between spatial subunits until the expected total capture time was equal in 

each. The computational intensity of producing these results meant that the number of free parameters 

was kept to a minimum in fitting the capture time function. Appropriate spatial distribution of animals 

also required that an independent estimate of the global carrying capacity KT be generated. 

 

The population growth model fitted was the theta logistic function, eqn 6-10. As before, there is no 

explicit migration term, although the effects of movement in the simulation can be accommodated to 

some extent by the choice of spatial structure. 

 

Spatial structure in the S&D model stems from hunter responses to differences in travel costs between 

different areas. As there is no absolute distinction between travel and hunting behaviour in the 

simulation model, it is impossible to select the most appropriate scale for spatial subdivision a priori, 

and four forms of spatial structure were assessed: global, in which the entire study area is treated as a 

single unit; division into 3 units according to the major valleys; division into 13 units, roughly along 

the lines of the sectors used for ibex distance movements in the simulation; division into the 40 hunting 

sectors used in the a priori models. 

 

 

6.3.2.1 Method and data 

 

To obtain outputs over a range of population sizes, the full simulation model was run at 10 different 

values of D; 12, 15, 20, 25, 35, 50, 70, 100, 150 and 250 som kg-1. At each level, data were outputted 

for 200 years after an initial 100-year phase (50 years for strategy adaptation, and 50 years for 

equilibration). At the highest levels of demand, offtake became limited by the number of available 

hunters, rather than cost, so another two runs at D = 250 som kg-1 were undertaken, to encourage a 

wider range of low N values. One of the original D = 250 som kg-1 went extinct and was not used, so a 

total of 21 runs, including 4200 years of data were assessed. Although a majority of years involved 

lower N values, data were produced across a full range of N (fig 6-2). Concentrating on the lower end 

of the population scale is in any regard appropriate to the use of the model. The value of NT output by 

the simulation was the end-of-year population size before the application of winter mortality, which 

corresponds to end-of-year population in the S&D model. 
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Fig 6-2. Data from 21 200-yr runs of simulation on which fitted S&D model was based. 

a) Mean meat weight of captured ibex versus end-of-year population size. 
b) Mean capture cost per ibex (log scale) versus start-of-year population size. 
c) Net population growth (total births – total natural deaths) versus end-of-year population 

size. 
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There is no observation error in the fitting of the functions, only process stochasticity, which must also 

be modelled. Because each of the functions is likely to involve several sources of stochasticity, and it is 

possible to generate large amounts of simulation data, the functions were fitted by minimising the sum 

of the magnitudes of the residuals, rather than assuming a form of stochasticity and using a maximum 

likelihood method of fit. Alternate best-fit models were compared through bootstrap competitions. The 

parameter-fitting algorithm relied on a direct search over a 2D grid of parameter-values, selecting the 

narrowing down on the region that produced the lowest sum of gross residuals at each iteration. During 

early runs, results were inspected at each iteration to ensure that the algorithm was functioning 

efficiently. Where a third parameters was involved, 2D searches were repeated over a range of values 

for the third parameter. No more than three interdependent parameters were fitted at any one time. 

Parameters were fitted to 3 or 4 significant figures. 

 

To double-check the outcome and determine whether there was a need to generate additional data, 

goodness-of-fit plots were produced for each fitted parameter. In comparisons between alternate 

models, bootstrap competitions involving two forms of bootstrapping were used, re-sampling either 

within or between the 21 200-year simulation runs respectively, to ensure the results were robust with 

respect to variation between both years and runs. Bootstrap competitions used 10000 iterations, within 

each of which the winning model was that which produced the lowest sum of gross deviations divided 

by the number of observations minus twice the number of model parameters. Hence differences in the 

number of parameters were dealt with in an analogous fashion to a standard sum of squares comparison 

(Hilborn and Mangel 1997), although in reality the very large number of observations (4200) in 

comparison to the small number of parameters (typically 2 or 3) meant that this adjustment had little 

effect on the results. 

 

Alternate forms of the hunting cost function were fitted for each of the four spatial systems considered. 

The system of spatial division giving the best overall fit was selected and subsequently applied in the 

fitting of the population growth function. In order to fit a spatially structured cost function, however, it 

is necessary to specify a carrying capacity for each spatial subunit. A global carrying capacity KT was 

therefore estimated directly from the global growth results, by smoothing the growth curve using a 

shifting average. The width of the shifting average reading frame was increased until a smooth curve 

was obtained, and the point at which this curve fell to zero gave the estimated KT. Only two free 

parameters, r and θ, were therefore involved in the fitting of the growth curve. Meat weight and herd 

size functions were fitted globally, as the mobility of individual ibex suggests it is unlikely that 

population composition will vary systematically on a fine spatial scale. 

 

As the aim was to produce a stochastic model, the fitting of residual functions was just as important as 

that of their deterministic corollaries. Once deterministic functions had been fitted, residuals were 

plotted against N, Q and E, where appropriate, to identify any regular elements by inspection. 

Cumulative frequency curves for the distributions of the residuals were then plotted, often partitioning 
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residuals according to any variables producing regular effects. The correspondence between these 

frequency plots and various standard probability distributions were compared graphically in order to 

suggest appropriate residual functions, which were then fitted according to an algorithm similar to that 

used in fitting the deterministic functions. As the fitting of residual functions often involved generating 

several sets of stochastic model residuals and comparing their overall distribution to the frequency 

curves of the real residuals, it was far more computationally intense than the fitting of the deterministic 

functions. No more than 2 interdependent parameters were therefore fitted together by the computer 

algorithm, parameters were generally fitted to 3 decimal places, and goodness-of-fit plots and bootstrap 

competitions were not used. The final arbiter of the appropriateness of the residual functions was visual 

inspection of their frequency plots in comparison to those of the real residuals. Particular attention was 

paid to the extremities of the distributions as these are most likely to influence extinction behaviour. 

 

 

6.3.2.2 Meat weights 

 

Inspection of figure 6-2a suggested that average meat weight is linearly related to end of year 

population size, with perhaps a slight plateauing at the upper end. Three functions were trialled; linear, 

linear with a maximum expected value and a power function. The linear with maximum function was 

selected according to the results recorded in table 6-3. Goodness-of-fit plots for each of the parameters 

of this function are shown in figure 6-3. In the event, all goodness-of-fit plots for all deterministic 

parameters revealed smooth minima at the fitted values, suggesting both that the fitting algorithm 

performed adequately and that the amount of data used was sufficient. Goodness-of-fit plots are not 

shown for subsequent parameters. 

 

Best fit parameters 
Fraction of bootstrap 
competitions won vs 
selected model (of 10000) Model 

a b c 

Minimum 
sum of 
residuals Between 

runs 
Within 
runs 

a+bNw 24.4 0.002398  7791.6 0.1546 0.0004 
min{a+bNw, c} 24.27 0.002583 32.5 7717.3   
a+bNw

c 23.58 0.0217 0.7348 7739.4 0.3396 0.1146 
Table 6-3. Results of meat weight model fitting. 

 

As meat weights of captured animals comprise a sample of the weights within the population as a 

whole, it was expected that the variation in mean meat weight would be inversely related to √Q. 

Furthermore, the possible range of individual weights is such that the mean weight of any sample must 

lie in the range 10-50 kg. Residual plots did indeed show that variance was greater when offtake was 

lower, and when residuals were divided by √Q, the variance became essentially uniform over N. A N(0, 

16.4) distribution provided an adequate description of the transformed residuals (fig 6-4). The final 

residual model was therefore N(0, 16.4)/√Q. 
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Fig 6-3. Goodness-of-fit plots for each of the 
three parameters of the selected model for meat 
weight. The parameters intervals shown in the 
plots define the range of parameter space over 
which the fitting algorithm began its search. 
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Fig 6-4. Cumulative frequency plot of transformed meat weight residuals (data) versus 
transformed residual model (model). 
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6.3.2.3 Hunting cost 

 

KT was estimated at 3143 from the smoothed growth curve (fig 6-5). The herd size clearly showed a 

decelerating increase with NT. One- and two-parameter log functions and a n-th order linear 

relationship were fitted to the simulation herd size data, and the results are shown in table 6-4. In all 

cases, minimum and maximum mean herd sizes were set at 1 and N respectively. As the herd size 

function was fitted to provide a potential component of the hunting cost function, it was not necessary 

to fit a separate residual function. In the event that the herd size function was included in the cost 

function, herd size stochasticity would simply contribute to the overall variance in cost. 
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Fig 6-5. Average simulation population growth vs population growth under the deterministic 
fitted model. The moving average curve was used to estimate carrying capacity by ordering the 
data points in figure 6-2c by end-of-year population size and then taking the average growth 
from a reading frame of 400 points, centred on each point in turn. The size of the reading frame 
was increased until consistent estimates were obtained of the population size at which net growth 
falls to 0. This gave a carrying capacity estimate of 3143 individuals. 
 

 

Best fit parameters Herd size 
model a b 

Minimum sum 
of residuals 

1+b.logN  1.75 4256 
a+b.logN -5.79 4.11 1666 
a+Nb -0.625 0.28 1633 
Table 6-4. Results of herd size model fitting. Bootstrap competitions were considered 
unnecessary due to the substantial difference in the sum of residual for the best-fit versions of the 
two best-performing models. 
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Results of the fitting of the deterministic cost function are given in table 6-5. 

 

Best fit parameters Capture 
cost model 

Spatial 
structure H a 

Minimum sum 
of residuals 

Global 5.45 -0.846 48210 
3 valleys 3.21 -0.908 48286 
13 sectors 2.97 -0.864 48395 H.Ns

a

40 sectors 2.5 -0.854 48415 
Global 0.498 -1.23 48204 
3 valleys 0.242 -1.33 48273 
13 sectors 0.242 -1.29 48341 H.h(Ns)a

40 sectors 0.203 -1.29 48365 
Table 6-5. Results of capture cost model fitting. In the bootstrap competition between the two 
best-performing models (the two global functions) the global herd-based variant won 6237 of 
10000 bootstrap competitions between runs and 6868 between years. 
 

Hunting success might reasonably be expected to follow a Poisson process. A residual model based on 

Poisson errors produced residuals whose variance decreased as Ns increased, as is the case with the real 

residuals (fig 6-6a), but failed reproduce either magnitude or skew of the variance shown in the real 

residuals. A residual model based on a logistic function with parameters changing according to N was 

able to produce a very good visual fit to the real residuals, but when introduced into the complete fitted 

model it produced sudden extinctions through hunting mortality that were not representative of the 

behaviour of the simulation. This was the case even when lower limits were set on model residuals. 

 

Plotting time residuals against total hunting effort revealed the influence of effort on annual mean 

hunting cost (fig 6-6b). To remove some of the confounding effects of population size, relative 

residuals (residual / expected time) were plotted for various Ns classes. Scatter and cumulative 

frequency plots of relative residuals for different Ns and E classes revealed the pertinent features for the 

residual model: 

• Minimum and mean relative residual values varied linearly with E. 

• At any given E, the mean relative residual value was not affected by Ns, but the variance 

decreased with Ns. 

• The distribution of relative residuals above the minimum value for any given E and Ns could 

be closely approximated by a gamma distribution. 

 

The final form of the residual model is given in table 6-2, and its performance is illustrated in figure 6-

7. The only alternate variation trialled was to raise the gamma term to the power of 1.3, which was 

suggested by the spread of residual values in some of the cumulative frequency plots. Both the 

minimum sum of deviations and visual comparisons of the results suggested that this was an inferior 

model, however. The original cumulative frequency plots necessarily involved plotting groups of 

relative residuals from a range of Ns values together, which increased the apparent spread of residual 

values. 
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Fig 6-6. Relative variable time per kill residuals (i.e. residual divided by expected variable time 
given by the deterministic equation) versus start-of-year population size and hunting effort. 
Variable time is the mean hunting time per capture minus handling time. 
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Fig 6-7. Cumulative frequency plots of real relative variable time residuals and relative residual 
model. 
 

 

6.3.2.4 Population growth  

 

The best fit parameters for the discrete global theta-logistic growth function (eqn 6-10) were R = 

0.3389 and θ = 1.172 (fig 6-5). Hence the result was slightly, but not markedly, different from the 

standard logistic growth function, which roughly accords with Saether et al.’s (2002) results. As only a 

single model was tested, no bootstrap competition was carried out. 

 

The variance of the growth residuals increased with winter population size, Nw. Dividing by Nw 

removed most of the change in variance, and cumulative frequency plots of the transformed residuals 

suggested that a logistic function would provide a good starting point for the residual model. A number 

of observations suggested modification to a standard logistic function, however: 

• The actual transformed residual distribution was skewed, and its cumulative frequency curve 

suggested that the logistic function would have to be raised to a power <1 for positive 

residuals and >1 for negative residuals. 

• Whilst the overall variance of the distribution appeared roughly constant for Nw < 1000, for 

winter population sizes larger than this, it appeared to increase linearly with Nw. 

• The median transformed residual occurred slightly below 0 for Nw < 1000, and again appeared 

to increase linearly with Nw above 1000. 

 

All of these features were incorporated into the residual function, and some parameters were fitted 

graphically and others by use of the computer algorithm. In addition, an absolute minimum residual 

value of –0.9Nw was set to prevent sudden extinctions caused by uncharacteristically low residuals. The 

final form of the growth residual function is given in table 6-2; its performance in relation to the 

distribution of real residuals is very good over the full range of population sizes, although the peak of 

the model distribution is marginally narrower than real residuals (fig 6-8). 
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Fig 6-8. Cumulative frequency plots for real growth residuals (thin black line) and model 
residuals (thick grey line) for various population size classes, and finally for all data together 
(bottom right corner). 
 

 

6.3.3 Sampled model 

 

The scenario of a population decline due to the initiation of poaching activity is perhaps appropriate to 

events in many areas following the collapse of the Soviet Union and the associated relaxation of civil 

control (e.g. see Milner-Gulland et al. 2002 on Saiga). It was designed to test a management agency’s 

ability to predict the outcome of a process still in its early phases by using the S&D model. The agency 
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has a year in which to collect data before having to draw some conclusions, which is a realistic time-

frame in a crisis-management scenario. In any event, high hunting pressure can reduce the population 

from K to a very low level within a decade, so, allowing for time to recognise the initial decline and 

implement some response, forecasting the outcome would be to little purpose if it took much more than 

a year. 

 

Given this time-frame, much of the sampled S&D model had to be based on existing information. It is 

assumed that managers have a reasonable general understanding of ibex numbers and distribution in 

the area, and access to ecological literature. Local data is only available for one year, and therefore one 

population level, so selecting between different functions of N is impossible. The forms of these 

functions must instead be assumed, and the parameters estimated from a single data point based on a 

sample from the simulation. 

 

The growth function is assumed to be logistic, with the same parameters as the a priori model. 

Expected capture time is assumed to vary with the inverse of the number of ibex herds, which in turn is 

proportional to logNT and reaches 10 at NT=KT (Toïgo et al. 1996). Hence; 

 

ch(N) = co.H.s/N         Eqn 6-12. 

where mean herd size, s = a + b.log(NT)      Eqn 6-13. 

and b = (10-a) / logKT        Eqn 6-14. 

 

Mean meat weight is assumed to be constant as there is no information available to suggest otherwise. 

Managers are aware that there is no clear ibex density gradient along the major valleys and that hunters 

usually visit a single valley during each hunt. The spatial subdivision in the model is therefore division 

according to the 3 major valleys. All process stochasticity must be assumed, and therefore follows the a 

priori model. It is also assumed that managers know the maximum number of hunters to be 500. 

 

 

6.3.3.1 Method and data 

 

The data for the sampling exercise come from a single run of the full simulation model. In a given 

sampling year, both biological and hunt survey data are simulated. The biological survey consist of a 

count of all herds and their members within the area of habitat covered. Hence the total number of 

herds and average herd size are estimated directly, and multiplied to give total population size. The 

hunt survey records the time period and success of a sample of hunts, and the meat weight of the 

animal caught in successful hunts. This will provide estimates of average cost per hunt and number of 

hunts per kill, giving average cost per capture, and average meat weight per kill. 

 

The herd size parameters, a and b, are determined from the estimates of herd size and total population 

size by an iterative solution of equation 6-13, substituting in 6-14. H is calculated from equation 6-12 
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given estimates of herd size, hunting cost and overall ibex population size. Given that the model is 

spatially structured, the global population estimate cannot be used directly, however. Instead the 

population within each valley must be estimated on the basis that the overall cost of hunting is identical 

in each valley. Given that hunting cost includes capture cost and travel cost, and that the expected 

number of trips, and hence travel cost, depends on the time to capture according to equation 6-11, local 

population sizes cannot be specified directly and must also be determined by an iterative method. The 

S&D model is then applied to predict deterministic and stochastic equilibria for the system, and 

extinction probabilities both at and on approach to equilibrium. 

 

In total, 27 different sampling regimes were used. Data was collected from three different years, 

representing different stages in the process of decline, when the simulated ibex population had just 

fallen to about 2000, 1000 and 500 individuals respectively. Within each year, the biological and hunt 

surveys were each simulated at three different levels of intensity to give 9 levels of overall survey 

effort. The biological survey covered 1/3, 2/3 or all of the study area, and hunt data were taken from 

50, 150 or 450 hunts.  

 

There is no measurement error involved in the estimates; i.e. it is assumed that accurate information on 

the length and success of each hunt can be obtained, and that sighted herds are followed for long 

enough to establish an accurate number of members. Hence sampling error is the only source of 

divergence between the population and cost estimates and their real values for the year in question. 
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Fig 6-9. CV of estimate of total herd number versus number of herds observed in Reading et al.’s 
(1997, 1999a,b) surveys of wild ungulates in Mongolia. 
 

For the hunt survey, sampling error is simulated simply by selecting the sample of hunts at random. For 

the biological survey it is less obvious how sampling error should be replicated. Whilst there are no 

data on true survey errors for large ungulates in Central Asia, Reading et al (97, 99a, 99b) provided 

density estimates and SEs for a range of wild ungulates in Mongolia, including one survey of C. 

sibirica, which show a clear inverse relationship between the number of herds sighted and the CV of 

the estimate of the herd density (fig 6-9). Their results were derived from the DISTANCE program 
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(Buckland et al. 2001), and may therefore say more about the assumptions of that program than about 

reality, but still provide some guidance. The variances reported by Reading et al cannot be used as 

direct estimates of sampling error, however, as they involved a range of different species (and therefore 

greater variation in mean herd sizes), and were derived form road and aerial surveys mainly in open 

landscapes. 

 

Biologists surveying montane ungulates in Central Asia often assume that a fixed proportion of animals 

are not observed with the area of habitat covered. Fox et al (1991) discuss undercounting in ground 

surveys in Ladakh, and propose a general correction coefficient of +40%, which lies between the more 

conservative figure of 35% they actually used to calculate densities, and the correction factor of 80% 

used by staff of the Kazakhstan Institute of Zoology in ibex surveys in Altyn-Emel National Park (U. 

Grachev pers. comm.). For the purposes of the current exercise, it is therefore assumed that in a well-

structured foot survey, the true number of animals in the area covered is 40% higher on average than 

the number observed, although the actual figure is less important than the assumption that the 

surveyors have an accurate idea of what it is, either from past experience, or from intensively re-

surveying a proportion of the total survey area. 

 

Herds are therefore sampled by independently selecting herds at random with a constant probability 

equal to the product of the proportion of habitat surveyed and the probability of seeing a herd present in 

the area surveyed according to the correction coefficient. Note that this assumes: 

• Regions of different ibex abundance are representatively sampled. 

• Sighting probabilities are independent of herd size. 

• Herd localities are independent of each other; i.e. there is no aggregation or over-dispersion. 

Whilst there are reasons to be dubious of each of these assumptions, they are considered acceptable to a 

first approximation. Under a constant sighting probability, the CV of the estimate of the number of 

herds should vary with the inverse of the square root of the true number of herds, which is roughly in 

accordance with Reading et al.’s results. 

 

To further explore the influence of the sampling regime on the forecast precision, two types of 

bootstrap were run a total of 10000 times for each regime to derive empirical 95% CIs on the S&D 

model parameters and predicted position of the deterministic equilibrium. 

1. The manager’s bootstrap is based only upon the data that is available to the manager – i.e. it 

resampled from within the initial hunt and herd samples to re-estimate all metrics, except the 

number of herds seen, for which a parametric bootstrap can be applied because the manager 

knows the probability of sighting each herd, and hence the expected binomial error.  

2. The global bootstrap resampled from the entire population in the reporting year, and added 

parametric error terms to certain estimates. The parametric error terms were based on the CVs 

of yearly variation in meat weight and hunting cost known from the fitted model. The global 

bootstrap adds an interannual stochasticity term to the bootstrap sample, rather than adding 

sampling error to a stochastic realisation from the fitted model because the fitted model is 
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derived from data of the simulation at equilibrium. It is not known whether equilibrium values 

of hunting cost and meat weight accurately reflect values during the decline process, but the 

interannual CV is assumed to be the same in both cases. The global bootstrap shows the level 

of confidence in the prediction when year-to-year variation in the variables is taken into 

account in addition to sampling error within a year. 

 

 

6.4 Sensitivity to socio-economic parameters 

 

The fitted version of the S&D model was used to explore the effects of alternate assumptions on the 

outcome of the system, because this model provided the closest S&D approximation to the simulation. 

The alternate assumptions essentially involved socio-economic aspects of the model, both because it is 

in respect of these that there exists the greatest uncertainty, and because the same set of assumptions 

are retained in the simulation and each of the a priori models, and hence comparison between these 

does not reveal their influence. Due to the fact that the deterministic fitted model does not accurately 

predict its own stochastic behaviour or that of the simulation (see section 6.5.2 below), it was not 

possible to produce rapid, meaningful results in an easily interpretable metric over a range of parameter 

values. Hence no systematic sensitivity analysis over a continuous range of parameter space was 

attempted. Instead, full stochastic behaviour is presented for a number of illustrative scenarios, which 

allow the importance of various elements to be understood. These scenarios are outlined below. 

 

 

6.4.1 Inelastic demand 

 

Following the results of chapter 4, it was assumed that ibex meat is readily substitutable for other types 

of meat, especially mutton, and hence that its demand is perfectly elastic. If there is any kind of specific 

preference for and a restricted external supply of ibex meat, however, then an element of inelasticity is 

to be expected. For simplicity, it is assumed that the own-price elasticity of demand ε is constant, i.e. 

that the demand function is such that dD/dQ = εD/Q. The demand function was chosen to exhibit unit 

elasticity ε = 1 (i.e. demand is inelastic in comparison to the assumption of perfect elasticity, not in 

absolute terms), and so that the position of the deterministic equilibrium would be the same as in the 

original fitted model (i.e. D = 70 som kg-1 at Q = 275 animals yr-1). To prevent the model running into 

difficulties when offtake fell to 0, it was also necessary to stipulate a maximum demand. A figure of 

3000 som kg-1 was chosen, hence demand: 

 

D = min{3000, 19250/Q}        Eqn 6-15. 

 

I.e. demand ceases to increase below an offtake of 6 animals yr-1. 
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Changes in the level of demand without any change in its elasticity would have almost identical effects 

to multiplying the opportunity cost of time by the inverse of the same factor. Hence absolute changes in 

the level of demand were not examined in addition to the effect of opportunity cost. 

 

 

6.4.2 Rate of industry adjustment 

 

There is no direct data on the rate of hunter effort adjustment in response to mean daily profit, and the 

figure used in the models is based on approximate data concerning the uptake of a rural development 

initiative (see 5.5.2.6). 

 

The effect of increasing the rate of adjustment was explored by increasing η from 1 to 5 hunter groups 

yr-1 som-1 day. Asymmetric effort adjustment was also introduced by running the model with at η = 5 

whilst profits were positive, and 1 whilst negative. Bjorndal and Conrad (1987) discuss the possibility 

of asymmetric industry adjustment, and factors such as those discussed in appendix 3-2 suggest that the 

entry rate could be faster than the exit rate. 

 

 

6.4.3 Unlimited number of hunters 

 

The uncertainty in the estimate of the number of potential hunters in the population, based on gun 

ownership rates reported in the household survey and ignoring the possibility of false reporting, is 

shown in figure 4-19. The impact of the assumed maximum size of the potential hunter pool of 500 

pairs was examined by removing this limit from the model. 

 

 

6.4.5 Higher opportunity cost of time 

 

Estimates of the opportunity cost of time are discussed in section 4.4.4.3. Its effects on the model 

outcome were investigated by raising it to a constant level of 100 som day-1 in one model run, and by 

allowing it to increase with overall hunter effort in another. The rationale for increasing time costs with 

hunter effort is that if time costs vary between individuals due to differing preferences for hunting or 

differing economic opportunities, then those with the lowest cost are likely to enter the industry earlier. 

Hence the marginal time cost that determines entry into the industry will increase with the number of 

people already engaged in it. Allowing the cost of time to increase with effort is a very simplistic way 

of modelling individual differences in preferences and opportunity, but it is sufficient for illustrative 

purposes. 

 

The cost function chosen was: 
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co = 50.2E/500         Eqn 6-16. 

 

I.e. time cost is 50 som day-1 initially, and doubles for every 500 hunter pairs entering the industry. 

This degree of change in response to effort is more likely to be appropriate to a situation where that 

change is determined by preferences rather than opportunity, and only a small group are prepared to 

work in the mountains in the absences of a strong financial incentive in comparison to other activities. 

This kind of model structure suggests that the size of the potential hunter pool is determined by the 

continuous distribution of preferences in the population, rather than a qualitative difference between 

hunters and non-hunters. As such the 500 hunter pair limit is redundant in this model and is therefore 

removed. 

 

 

6.5 Results 

 

6.5.1 Behaviour of S&D model 

 

Figure 6-10 represents the continuous-time deterministic equilibrium behaviour of the a priori S&D 

model with the individual-based cost function. Each output variable, N, C, Q and E, is related to each 

other deterministically at biological equilibrium. The top left quadrant shows the relationship between 

prey population and hunting cost, which holds for any value of effort or offtake. Figure 6-11 shows the 

continuous, deterministic equilibria for both a priori models with a perfectly elastic demand at 70 

som.kg-1 overlaid upon the stochastic equilibrium of the discrete-time, stochastic model. 

 

A few features of figure 6-11 are clear at a glance: 

1. There is very good agreement between the deterministic and stochastic results, despite the 

discrete-continuous non-equivalence; the deterministic equilibrium is close to the focus of the 

stochastic equilibrium, the Q null-cline locates the apex of the stochastic equilibrium and the 

max Q line locates its edge. 

2. The extreme sensitivity of hunting cost to small changes in population size at low N are 

apparent. Despite the fact that C is displayed on a log scale, the observations are compressed 

way down the vertical axis on the RH plot in comparison with the LH. 

3. It is this cost sensitivity at low N which prevents a high frequency of extinction even though 

the population is very small for much of the time at equilibrium. The equilibrium extinction 

rate is appreciably higher in the herd-based model because the increase in hunting cost with 

falling N is somewhat offset by the decrease in mean herd size. 
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Fig 6-10. Four output variables form the deterministic individual-based a priori S&D model; 
offtake – Q (animals), unit meat cost – C (som kg-1), population size – N (animals), hunting effort 
– E (hunter grps). Note that the C axis is truncated at 200 som kg-1, although C rises to much 
higher levels as N falls to 0. Note that the C axis is truncated at 200 som kg-1, although C rises to 
much higher levels as n falls towards 0. 
 

Figure 6-12 illustrates the results of the fitted model. Clearly the shapes and relative positions of the 

deterministic guidelines are very different from the plots in figure 6-11, but also it is less clear how 

these and the shapes of the equilibrium clouds relate to each other between the N- and C-based plots 

for the same set of results. The reason is that the expected hunting cost in the fitted model depends on 

effort to a far greater extent than in the a priori models. Hence there is no direct relationship between N 

and C and the relationship between the two diagrams cannot be understood in 2D according to a simple 

transformation of the vertical axis scale. Figure 6-13 shows expected offtake curves for various levels 

of hunting effort on the two sets of axes. As total cost is essentially determined by effort, the positions 

of the offtake curves are fixed on the C-based (RH) plot. The same is not true on the N-based (LH) 

plot, however, and the relative positions of the curves, and certainly their positions with respect to the 

equilibrium clouds, are very different. Figure 6-14 shows schematically how visualising the system in 

3D allows the relationship between the effort curves to be understood, and the position of the 

deterministic equilibrium to be determined. 
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a) individual based model. 

 
 
b) herd-based model. 

 
Fig 6-11. Deterministic and stochastic equilibria, and stochastic extinction behaviour of the a 
priori S&D models. In each case the RH plot shows the behaviour of the system in terms of 
harvesting cost versus production, i.e. in the format of a standard supply and demand diagram. 
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The LH plot represents the same information, but in terms of population size versus production. 
As production cost is determined by population size, the pair of plots are related by a 
transformation of the vertical axis according to the relationship between C and N. Note that the 
C axis is plotted on a log scale on the RH plot. Also note that the N axis is reversed on the LH 
plot, and the C axis minimum on the RH plot is set to the value of C at N=K to facilitate 
comparison between the two plots. 
The solid lines are the equilibrium AC or supply and demand curves. The demand curve is 
horizontal in the RH plot as demand is perfectly elastic. Hunting cost and reproduction are 
continuous time functions in the deterministic model, but are discrete time functions in the 
stochastic model, for which the population data displayed is the winter population size. In order 
to compare continuous and discrete results, the deterministic results in the LH plot are adjusted 
for expected winter population size by subtracting half the expected annual offtake. This 
approximate adjustment for discrete/continuous behaviour explains why the demand curve is not 
perfectly horizontal in the LH plot. 
The dot-dash line is the Q null-cline, and the dotted line is the maximum expected offtake given 
that the number of hunters is limited to 500. 
The grey-scale cloud represents the equilibrium behaviour of the stochastic model. The density of 
the shading correlates to the frequency with which that area of state-space was occupied during 
1000000 years at stochastic equilibrium. Note that the grey-scales are the same for all LH and all 
RH plots, but not between the two sides. They should be used to compare relative frequencies 
within the same plot, not to make direct comparisons between frequency densities in the LH and 
RH plots. Although it cannot be seen directly in the plots, the system cycles in an anticlockwise 
sense with individual dynamic trajectories going from high offtake & medium cost, to medium 
offtake & high cost, to low offtake & medium cost, to medium offtake & low cost, etc. 
The dashed lines are isoclines relating the positions in state-space at which there exists a 90%, 
50%, 20% and 5% (from top to bottom respectively) chance of extinction before return to 
equilibrium. An extinction probability map was produced by commencing stochastic runs at a 
grid of different locations. For each location trialled, the number of runs out of 100 in which the 
system went extinct before reaching equilibrium were recorded. Arrival at equilibrium was 
defined as a pass to the left the deterministic equilibrium point within the distance within which 
95% of such passes occur at equilibrium. The extinction isoclines were plotted from the 
extinction probability map by an algorithm which searched for the adjacent locations with the 
nearest probability of extinction to the isocline value, as assessed by a logit average of the five 
locations at the points and centre of a vertical-horizontal cross with the assessed location at its 
centre. 
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Fig 6-12. Deterministic and stochastic behaviour of the fitted S&D model. In the fitted model, 
hunting cost and reproduction are discrete time functions with an annual time-step. Hence there 
is no discrepancy in the time structure of the deterministic and stochastic models. Although not 
included in the simple version of the deterministic hunting cost model shown in table 6-2, effort 
has a regular (i.e. deterministic) effect on the residuals in this model. The deterministic results 
displayed in the figure therefore incorporate the regular effects of expected effort on cost, which 
is responsible for the dramatic change in the shape of the demand curve in the LH plot and the 
supply curve in the RH plot. The effect of effort means that there is no longer a 1-to-1 
correspondence between population size and cost. See main text and figures 6-13 and 6-14 for 
further discussion. 
 

 

The other striking feature of figure 6-12 is that the deterministic equilibrium is a very poor predictor of 

the position of the stochastic equilibrium, lying right on the edge of the equilibrium cloud in both plots. 

The reason is that the effort-adjusted demand curve (fig 6-12) and the expected offtake curves over a 

large range of efforts (fig 6-13) lie very close to the supply curve. Hence a small amount of inaccuracy 

in the numerical solutions, and lack of uncertainty equivalence can produce very large differences in 

the position of the equilibrium focus. Furthermore, figure (6-15) shows that the effect of effort 

variation causes expected hunting cost to vary very little over a wide range of N, reducing the strength 

of regulation around the equilibrium. 
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Fig 6-13. Fitted S&D model results with dotted lines showing expected offtakes for effort levels 
corresponding to 50, 100, 150, . . . . , 500 active hunter groups respectively (from left to right). 
The points of intersection of each effort curve with the demand curve in the RH figure are joined 
to form the second solid line which runs close to the supply curve in the LH plot. This is the 
effort-adjusted demand curve interpreted for the LH side that is represented in figure 6-12. See 
figure 6-14 and main text for further explanation. 
 

C

Q

N

E=1000

E=200

supply

 

Fig 6-14. Schematic diagram interpreting 
deterministic fitted results in 3D. As C can 
vary independently of N, the demand function 
is represented by a plane (the shaded plane 
perpendicular to the C axis) rather than a line. 
The supply curve is also a (vertically-
orientated) surface, and its intersection with 
the demand plane is represented by a solid line 
on the plane marked ‘supply’. Two effort 
isoclines are represented for 200 and 1000 
hunters respectively. The lower the effort level, 
the closer the effort isocline will lie to the C 
axis. The isoclines intersect the demand plane 
from above, and the portion of the lines that lie 
below the demand plane and must be viewed 
through it are represented by broken lines. If 
all possible effort isoclines were drawn, the 
points at which they intersect the demand 
plane would describe the second line drawn 
across the plane. This line is the expected 
demand function interpreted in terms of N that 
is shown in the LH plot of figure 6-12. The 
intersections of the effort isoclines with the 
supply surface could be used to visualise the 
origin of the supply curve as represented in the 
RH plot of figure 6-12 in a similar way. 
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Fig 6-15. Variable times per kill predicted by the stochastic fitted model (grey points) and the 
simple deterministic fitted model, not adjusted for the effects of effort, i.e. the deterministic form 
given in table 6-2 (black line). Variable time is the average hunting time per kill minus handling 
time in each year. Data were generated by taking 10000 random samples of end-of-year 
population size, offtake and effort from the 25 200-year runs of the simulation at equilibrium (see 
6.3.2.1) on which the fitted model was based, and generating predicted variable times according 
to the models. 
 

Figure 6-16 shows an illustrative range of results from the sampled models. Note the range of outcomes 

produced and the kink in the supply curve on the C-based plots. This is because the herd size function 

used allows the number of herds to increase, and hence cost to fall, over a certain range in the decrease 

of N. Mean herd size will fall faster than N over a certain range before N reaches 2 or mean herd size 

falls to 1, if the constants in eqn 6-13, a and b, are such that a/b<0.133 and b>2.303. Hence this was 

not a feature of the herd size function in the a priori model, for which a=1 and b=2.5, but it is a factor 

in the majority of outcomes of the sampling exercise. Although the supply curve kink was not an 

intended feature of the model, there is no a priori way of determining that it is wrong, or specifying a 

more suitable herd size function. The effect of this behaviour on the extinction probability of the 

system is illustrated in section 6.5.3 below. 

 

 

6.5.2 Comparison to simulation 

 

The illustrations above show a wide range of outcomes for the various versions of the S&D model, and 

table 6-6 compares statistical descriptors of their equilibrium behaviours in comparison to the 

simulation model. The results of the various S&D approximation of the full simulation are significantly 

different from it in almost all measures. Given the large number of years contributing to the 

comparisons, significant differences are to be expected even if the sizes of the mean differences were 

small, but in fact they are not; the differences are substantial. 
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a) 2000-1-450 

 
 
b) 1000-0.67-150 
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c) 500-0.33-50 

 
 
Fig 6-16. Illustrative results of sampled models. The sampling regime that each model was 
derived from is indicated by; approx. population size at which sampled – proportion of habitat 
surveyed – number of hunts recorded. The three cases represented here therefore represent those 
with the most, median, and least data available amongst all the sampling regimes for which 
models were produced. Note the kink in the supply curve on the RH plots, and the effect this has 
on the shape of the extinction null-clines even on the LH plots. 
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A priori Sampled Model Sim. 
indi herds 

Fitted  
2000 1000 500 

0 0 0.000166* 0.000003 0.015332* 0.000071* 0.016531* equil. ext. 
rate    0.000141 – 

0.000191 
 0.015134 – 

0.015530 
0.000055 – 
0.000087 

0.016421 – 
0.016641 

0.505 0* 0.016* 0* 0.999* 0.006* 0.937* prob. appr. 
ext.  0.463 – 

0.555 
 0.009 – 

0.023 
 0.998 – 1 0.002 – 

0.011 
0.922 – 
0.952 

327.5 348 274* 487* 77* 1118* 675* 
median N 284.0 – 

380.3 
  452.9 – 

554.6 
   

1758 2427* 1881 2458* 512.0* 3258* 2126* 
median E 1551 – 1883   2298 – 

2725 
   

72.39 77.01* 67.97* 71.78 59.43* 70.21* 57.29* 
median C 71.65 – 

73.19 
  71.43 – 

72.63 
   

92 71* 44* 133.5* 20* 214* 101 
median Q 83.1 – 101.1   124.0 – 

146.7 
   

2320 2840* 1760* 3415* 587.4* 4513* 2143 total meat 
weight 2077 – 2547   3180 – 

3796 
   

81.70 234.1*** 411.9*** 103.3* 47.83** 571.6*** 1491*** distance 
above N 406.0 723.4 725.4 345.4 582.6 1455 1907 

79.73 131.9*** 150.8*** 93.53*** 66.85** 701.8*** 659.7*** distance 
below N 168.4 195.0 188.5 227.1 77 1102 672.0 

31.64 61.93*** 79.13*** 30.49 43*** 77.64*** 190.6*** distance 
above Q 88.56 111.6 118.0 84.16 204.7 137.8 235.7 

20.95 38.05*** 44*** 24.44 18.95*** 77.69*** 101*** distance 
below Q 62.52 71 44 56.34 20 213.7 101 

22.32 42.34*** 110.0*** 14.70*** 96.27*** 17.11*** 148.8*** distance 
above C 81.18 87.83 190.3 47.87 1139 34.33 246.3 

12.55 27.59*** 25.94*** 10.32* 10.04*** 13.90 13.31 distance 
below C 26.28 45.26 38.20 25.72 23.37 28.92 19.92 

39.60 32.52* 36.30* 56.98* 21.74* 45.40* 48.84* Cycle 
period 34.31 – 

46.73 
  48.84 – 

67.45 
   

 
Table 6-6. S&D model statistics in comparison to the simulation model. The sampled S&D 
models included in the table are those at medium sampling intensity (i.e. 2/3 habitat surveyed and 
150 hunts recorded) at each of the population levels indicated. Equilibrium data originate from 
25 200-year runs of the simulation (see 5.6.1) and 1000000 years of the S&D models at 
equilibrium (the system was re-started at equilibrium in the event of extinction during this 
period). Estimates of extinction rate at equilibrium used data from the entire run time, whereas 
other statistics for the S&D models were based on a single continuous 10000-year sample within 
the million years. Early investigations showed that there were no significant differences between 
10000-year samples, except in the case of the fitted model. Equilibrium statistics for the fitted 
model are therefore based on 50 x 200-year samples taken regularly over the course of total 
million-year period. The estimates of the probability of extinction on approach to equilibrium 
were determined from 400 initiations of the simulation (see 5.6.3) and 1000 initiations of the S&D 
models at N=K. 
Median end-of-year population size, hunting effort (no. hunter grps), unit meat production cost 
(som kg-1), offtake and total annual meat production (kg) whilst at stochastic equilibrium are 
given for each model. Whilst at equilibrium, the models perform stochastic cycles and the widths 
of the stochastic equilibrium cloud is measured by the median and 95th percentile (in italics) 
distance at which the system passes the equilibrium point parallel to the N or Q axis when 
measuring in terms of Q or N/C respectively, as was done for the simulation in chapter 4 (see 
5.6.1 and table 5-10). For the sake of this measurement, the equilibrium point is defined by the 
equilibrium medians. The cycle period is estimated from the number of complete cycles within 
the sample period, as measured by the average net number of passes by the equilibrium along the 
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Q and N axes in the expected direction. For the two models in which 200-year samples were used, 
the simulation and fitted models, the number of cycles within in each sample period was 
estimated using independent median estimates of the equilibrium locations within that sample, 
rather than the overall estimate of equilibrium position. This was due to the probability that 
there were significant differences in the foci of the stochastic equilibria between individual 
samples (see 5.6.3). 
Where intervals are given in italics below a metric, these record the 95% CI. For extinction rate 
metrics, these were determined from the binomial distribution. In determining CIs for the yearly 
extinction rate at equilibrium, the number of extinctions per cycle was used, rather than per year 
as consecutive years within a single cycle are not independent. No equilibrium extinction rate CI 
was calculated for the fitted model due to the unreliability of the cycle period estimate in this 
case. For other metrics, CIs were determined for the simulation and fitted models alone by 
bootstrap re-sampling between the separate 200-year samples for these models. 
Asterisks denote significant differences in comparison with the results of the simulation. The 
recorded distances of passes by the equilibrium were compared in Mann-Whitney U tests, and 
significance levels are given as * <5%, ** <1%, *** <0.1%. Other statistical comparisons were 
made according to the 95% CIs, and therefore can only record a significant difference at the 5% 
level. 
 
 

As a first approximation, however, many of the results are in the right ballpark. The two a priori 

models and the fitted model all predict the N focus of the stochastic equilibrium to be somewhere in the 

range 250-500, and they all predict a negligibly low rate of extinction at equilibrium. All the S&D 

models’ predictions of cycle period are within 50% of the actual figure from the simulation, although it 

should of course be remembered that effort dynamics are identical in all models. 

 

Although there are substantial differences in equilibrium medians for the simulation and fitted models, 

the measures of the width of the equilibrium cloud are actually fairly similar (table 6-6), and comparing 

figures 5-16 and 6-12 suggests that the shapes of the clouds for the are extremely similar. Plotting N 

and Q values for half a dozen 200-year samples from the fitted model, in the same way as was done for 

the simulation in figure 5-17, shows a similar pattern of variation, and differences in the foci of the 

equilibria over periods of 200 years are still clearly seen (fig 6-17). This occurs despite the fact that 

ibex distribution effects are not possible in the fitted model. It suggests that the cycles observed in the 

fitted model may be primarily driven by the effects of effort on cost, rather than mediated by changes 

in N. The focus of the equilibrium is therefore able to drift over a fairly wide range of N, within which 

expected offtake curves lie close to the equilibrium growth curve and hence population regulation is 

weak. A similar process may therefore also account for the focal shift in the simulation itself, rather 

then long-term ibex distribution effects. Certainly the components of the fitted and simulation models 

show extremely close agreement (fig 6-18). The reason for the difference in equilibrium metrics is the 

weak regulation of equilibrium N which allows even small stochastic differences to produce large 

disparities between realisations. 
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Fig 6-17. Offtake versus population size for the first six 200-year samples of the fitted model at 
equilibrium. 
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Fig 6-18. Comparison of % cumulative frequency curves for variable times per kill and ibex 
population growth from 25 200-year runs of the simulation at equilibrium (see 6.3.2.1) and the 
fitted model using input data from 10000 sampled years of the simulation at equilibrium. 
 

Hence a range of S&D approximations give equilibrium results that are not entirely dissimilar to the 

simulation, although they do differ in detail. What none of the S&D models can do, however, is to 

recreate the disparity between extinction rates at and on approach to equilibrium shown in the 

simulation results (see table 6-5 and 5.6.3). This is because the simulation has a profoundly greater 

capacity for historicity than the simpler S&D models, such that hunting costs, and potentially also prey 

growth rates, can be markedly different during the decline and equilibrium phases due to differences in 

prey distributions and conditions. 

 

The results of the sampled models will are analysed in the next section. 

 

 

6.5.3 Sampling and forecast accuracy 

 

As the population growth model is the same in all cases, predicted equilibrium offtake in the sampled 

models is directly determined by the equilibrium N predictions (fig 6-19). The predicted number of 

herds at equilibrium is determined by the estimates of mean meat weight and H, roughly by the ratio 

between the two (fig 6-20). The estimates of a and b obviously determine equilibrium N for any given 

equilibrium number of herds. 
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Fig 6-19. Predicted equilibrium offtake versus predicted equilibrium population size in the 
sampled models. 
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Fig 6-20. Predicted equilibrium number of herds versus estimated meat weight / H in the 
sampled models. 
 

 

Bootstrap results for the estimates of H and meat weight show that increasing the hunts sample does 

substantially narrow the range of estimates, but increasing the coverage of the biological survey has 

little effect (appendix 6-1). This is as expected for meat weight, but is a little surprising for H, whose 

estimate depends on the estimate of the number of herds as well as the cost of hunting. The confidence 

intervals are much narrower on meat weight estimates derived from the year when population size was 

highest as the proportion of successful hunts is also highest. In addition to differences in the width of 

the CIs, there are also systematic differences in the absolute sizes of the estimates between the different 

years, due to inadequacies in the assumed model, and these naturally feed through to the estimates of 

equilibrium herds numbers (fig 6-21).  
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Fig 6-21. Predicted number of herds at deterministic equilibrium for sampling exercises carried 
out at different population sizes, ~2000, ~1000 and ~500 from top to bottom respectively, and 
95% CIs on the deterministic predictions determined by the manager’s and global bootstrap 
methods (see 6.3.3.1), left and right respectively. Each of the 9 different levels of sampling 
intensity are represented within a single plot and described by the codes along the category axis; 
i.e. 0.33-50 – a third of the habitat was surveyed for ibex and 50 hunts were followed. In each 
plot, the 3 leftmost points show results from the lowest level of biological survey intensity and 
increasing levels of hunt survey intensity. The next 3 represent the next level of biological 
intensity and so on. Hence the effects of biological survey intensity can be judged by comparing 
between block of 3, and the effects of hunt survey intensity by comparing within them. The 
horizontal lines show the expected median number of herds at equilibrium in the simulation (74) 
for comparison. 
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Fig 6-22. Predicted population size at deterministic equilibrium, and 95% CIs on the 
deterministic predictions. The horizontal lines show the expected median population size at 
equilibrium in the simulation (N=328) for comparison. 
 
 

The bootstrap results for a and b are reversed inasmuch as it is naturally the biological survey intensity 

which determines the accuracy of the estimate, and CIs are narrower for estimates derived from lower 

N years (appendix 6-1). The latter result is because the logarithmic herd size model implies that herd 

size will change little from N=K until low values of N are reached, hence sampling at high N conveys 

very little information about what the true values of a and b should be because small stochastic 

differences in the estimated herd size will result in large differences in the estimates of a and b. In all 
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cases the uncertainties in a and b are large, and these feed through into the bootstrap estimates of 

equilibrium N, building on the existing uncertainty in the equilibrium number of herds (fig 6-22). 

 

Predicted equilibrium herds sizes from the first year sampled are fairly close to the expected value for 

the simulation, although the CIs on the estimates are considerable; they only look narrow on the plots 

in figure 6-21 because the scale is set to accommodate the far wider CIs for other years. The estimates 

for subsequent years are both far more uncertain and consistently over-estimate the expected 

equilibrium number of herds, to the extent that the real value lies below the manager’s CI in 13 of 18 

cases. The tendency to overestimate is due to the effect of effort on cost in the simulation (refer back to 

fig 6-6). During the most of the decline phase, in which sampling took place, effort levels are maximal, 

and far higher than those typically encountered at equilibrium. Hence for the same herd density, costs 

at equilibrium would be expected to be lower in the simulation, but the sampled S&D model makes no 

adjustment for effort level beyond that caused by incremental costs, and hence predicts a higher 

equilibrium herd density. The reason that this bias is not evident in the models sampled at N≈2000 is 

that there is a second source of error in the estimate which biases in the opposite direction. The 

sampled model assumes that hunting cost is inversely proportional to herd density, but the form of the 

fitted model would suggest that in the simulation it varies with the inverse of density raised to the 

power of 1.23 (see table 6-2). Hence the sampled model predicts that herd density will have to fall 

further to produce the increase in cost necessary to reach equilibrium, and this error is more severe the 

further the extrapolation from the point of sampling to the actual equilibrium. The biases in the model 

sampled at high N therefore cancel out by happy coincidence, rather than necessity. 

 

The pattern of results for the estimate of equilibrium N is similar, but even greater uncertainty is 

involved. CIs on the estimates are enormous. Although the absolute size of the intervals derived from 

the high N year is smaller, their relative size is just as great, typically ranging from about 60 to over 

700. The common lower limit on many of the CIs at around 60 is due to the fact that the predicted 

equilibrium population size cannot be lower than the predicted number of herds. 

 

With regard to the stage in the decline at which it is intrinsically best to sample, there are problems 

with either case. At high N, estimates of a and b are wild, whereas at low N, it is difficult to find 

enough successful hunts to estimate returns and costs. Comparing between the manager’s and global 

bootstraps reveals that interannual variation has a noticeable, but not staggering effect on the CI widths, 

suggesting that single-year sampling is not unreasonable. Although there is a clear narrowing of the CIs 

with greater sampling intensity, again the effect is not enormous in comparison to the extra investment 

of effort involved. The results do reveal, however, that at high N, more effort should be concentrated 

on biological surveys in comparison to hunt surveys, and vice versa at low N. 

 

Any considerations of sampling efficiency are overshadowed by the huge uncertainty in the predicted 

outcome. The manager’s results are reliable to the extent that they inform him that the equilibrium 

population size will be somewhere in the lower half of the population range and that its precise location 
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involves a high degree of uncertainty even when substantial data is collected. But this is scant 

consolation given that the essential result is that the exercise is not very informative however 

thoroughly you sample. The uncertainty also masks fundamental inadequacies in the assumed model, 

which would produce misleading results if more certain predictions were possible. 

 

The assumptions that capture time is inversely proportional to herd density and independent of effort, 

and that herd size is log-linear with N bias both predictions of equilibrium position and, perhaps more 

importantly, equilibrium extinction rate. Extinction rates at equilibrium in the sampled models are 

commonly considerable, in contrast to the simulation where it was immeasurably small, and are 

correlated with probabilities of extinction on approach to equilibrium (fig 6-22). Although there are a 

range of equilibrium extinction rate values, the per cycle extinction rate will obviously vary with the 

equilibrium cycle period of the models. The variation in equilibrium extinction rates is therefore best 

interpreted within the context of three discrete groups; those with negligibly small rates, those with low 

but significant rates (around 2000-3000 times during 1000000 yrs or once every 300-500 yrs), and 

those with very high extinction rates of around 20000 times in 1000000 yrs or more (i.e. once every 50 

yrs or less) which consequently go extinct every one or two cycles. There are two outcomes which 

have a very high probability of extinction on approach to equilibrium (>99%), but only moderate 

equilibrium extinction rate. These are discussed below. 
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Fig 6-23. Extinction rate at equilibrium versus probability of extinction on approach to 
equilibrium from carrying capacity for the various versions of the sampled model. In the 
simulation, 50.5% of approaches to equilibrium resulted in extinction, but there were no 
recorded extinctions during 250000 years at equilibrium, including results from all runs. 
 

Extinction rates are predicted largely by the deterministic equilibrium population size. Those models 

with high equilibrium N (roughly 700 or more) or a high number of herds at equilibrium (roughly 130 

or more) have low approach and equilibrium rates of extinction. Those with low equilibrium herd 

numbers and individual population sizes have high extinction rates. There are three exceptional cases 

which have low equilibrium populations, but only moderate rates of equilibrium extinction. On closer 
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inspection, these are associated with an atypical placement of the kink in the supply curve. In one case 

the kink is very small and occurs at very low N, beyond the range that is normally encountered at 

equilibrium. In the other two cases the kink occurs at very high N, again beyond the typical equilibrium 

range, but to the other side of it. In these two cases the deterministic equilibrium occurs on the tail of 

the supply curve where equilibrium offtake and hence equilibrium effort are low. They have low 

equilibrium extinction rates because equilibrium hunting effort rarely rises to high levels at which rapid 

prey depletion can take place. On approach to equilibrium, however, hunting effort is already high, and 

hence these are the two cases which display disproportionately high probabilities of extinction on 

approach. Hence the divergence between equilibrium and approach extinction behaviour in these 

models is due to their low equilibrium E values, not to fundamentally different behaviour on approach 

and at equilibrium as seen in the simulation. The sampled model would typically predict a high 

extinction rate for a system with equilibrium N and herd number at the median simulation levels of 

roughly 330 and 74 respectively. 

 

These results illustrate the importance of the supply curve kink in raising the extinction rate in the 

sampled models. The effect of the kink is to catapult the system to even lower N when it is crossed by a 

population that is already in decline.  

 

 

6.5.4 Alternative socio-economic assumptions 

 

Figure 6-24 displays the results of each of the alternate socio-economic scenarios listed in section 6.4, 

and table 6-7 records their rates of extinction at and on approach to equilibrium. 

 

Model variant 
No. extinctions 
during 1000000 
years at equil. 

No. extinctions 
during 1000 
approaches from 
N=K 

Standard fitted 
model (baseline) 0 3 

Inelastic demand 11387 647 
618 – 676 

High effort 
adjustment rate 0 0 

Asymm. effort 
adjustment rate 1295 248 

222 – 274 
No limit on hunter 
effort 2 0 

0 – 4 
High opportunity 
cost 0 0 

Variable opportunity 
cost 0 0 

Table 6-7. Equilibrium extinction rates and probability of extinction during decline from 
carrying capacity for variations on the fitted model under various alternate socio-economic 
assumptions. Italicised intervals below the number of extinctions on approach to equilibrium give 
binomial 95% CIs. CIs could not be estimated for the equilibrium extinction rate because cycle 
periods are not known and consecutive years are not independent. Approach extinction rates are 
overestimated due to the same reasons as discussed for the extinction isoclines in figure 6-24.  

 207



a) inelastic demand; D = 19250/Q. 

 
 
b) high effort adjustment rate; η = 5 hunter groups yr-1 som-1 day. 
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c) asymmetric effort adjustment rate; η = 5 when effort is increasing, η = 1 otherwise. 

 
 
d) no limit on number of active hunter groups. 
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e) high opportunity cost of time; co = 100 som day-1. 

 
 
f) variable opportunity cost; co = 50.2E/500. 

 
Fig 6-24. S&D model results under various alternative socio-economic assumptions applied to the 
fitted model. Compare to behaviour of the fitted model under default assumptions in fig 6-12. In 
figures a. and c. only the upper extinction isoclines are shown because the probability of 
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extinction was so high across the whole of state-space that the isoclines for lower values of 
extinction probability do not appear on the plots. In the two cases where there was no limit to 
hunter effort, d. and f., extinction isoclines are not shown in the RH, C-based plots, because 
iterative solutions for the expected effort, needed to estimate the position of the isoclines in terms 
of C, could not be found. Note that extinction isoclines measure the probability of extinction 
before return to the deterministic equilibrium, but as the deterministic equilibrium severely 
overestimates the position of the stochastic equilibrium in many of these plots, the estimates of 
extinction probability are likely to be exaggerated with respect to return to the stochastic 
equilibrium. Despite quantitative difficulties with the precise placement of the isoclines, relative 
differences in the probability of extinction, as indicated by the position of the isoclines and the 
data in table 6-6, and its relation to the shape of the stochastic equilibrium cloud should be 
readily appreciable. 
 
 

Inelastic demand clearly increases the extinction rate. Although the approach to extinction is slow as 

offtake is centred on equilibrium supply, over the medium to long term it becomes inevitable. The 

inelastic demand curve crosses the supply curve in two places creating the regular stable bioeconomic 

equilibrium and the unstable equilibrium discussed in section 2.2.1. Although the close proximity of 

the supply and demand curves in the regular fitted model means that the shape of the equilibrium cloud 

in the N-based plot does not vary much between figures 6-12 and 6-24a, the difference in behaviour is 

clearly seen in the right-hand, C-based plots. Even if the system starts near to the stable deterministic 

equilibrium, it is highly likely to move stochastically into the region of the unstable equilibrium, 

beyond which decline to extinction is nearly inevitable. 

 

Figure 6-24b shows that whilst a higher adjustment rate has little effect on its position, it does narrow 

the spread of the stochastic equilibrium and hence could have a profound impact on the probability of 

extinction in marginal cases. If effort adjustment is asymmetric, however, then the outcome with 

respect to the persistence of the exploited population is worse than in the case where the adjustment 

rate is symmetric, regardless of whether it is high or low (fig 6-24c, table 6-7). This is an 

understandable result in that it implies that the system is more likely to overshoot in the direction of 

stock depletion rather than under-exploitation, but it serves to illustrate the importance of relatively 

subtle aspects of effort response on the system. 

 

Removing the maximum limit on the number of hunters in the population appears to have no 

significant effect of the results (cf. fig 6-12 with fig 6-24d), which is obviously due to the relative 

insensitivity of offtake to effort in the fitted model, and the fact that the system rarely reached the 

maximum effort level in any event.  

 

Increasing opportunity cost has a clear and obvious effect on the system (fig 6-24e). The relative 

compactness of the equilibrium cloud serves to remind that the system is inherently less variable at 

larger population size and offtake rates. Variable opportunity cost has a similar effect in increasing 

equilibrium population size (fig 6-24f), although the presence of the core group of low opportunity cost 

hunters causes the low N corner of the stochastic equilibrium cloud to extend considerably closer 

towards the origin. 
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6.6 Relevance to the North Tien Shan 

 

6.6.1 Present situation 

 

The simulation and its simpler analogues suggest a precipitous decline in ibex number on the initiation 

of hunting, followed by a highly variable stochastic equilibrium in which numbers could fluctuate over 

roughly two orders of magnitude from a couple of dozen or less to 1000 or more (see e.g. fig 5-15). 

Such general indications and the paucity of quantitative data from the North Tien Shan undermine 

attempts to determine whether the models bear much relevance to the real system. 

 

Personal observations of ibex discussed in section 5.2, and records of NABU fieldworker Akhmed 

Umetbekov indicating that he saw a couple of hundred animals in Chon Ak Suu in early spring 2002, 

suggest that the ibex population within the study area could well be in the region of 1000 individuals, 

and possibly substantially more. There is no clear indication, however, of a rapid decrease in ibex 

numbers, and indeed local informants were unable to agree even on the direction of the recent trend, let 

alone the precise magnitude. Despite generally higher levels of nature protection during the Soviet era, 

it is unlikely that the model scenario of unprecedented hunting unleashed on an unexploited population 

actually took place at its end, especially given that the majority of current hunters interviewed appear to 

have acquired their skills ahead of time. Potentially, the system could already be at or close to a higher 

equilibrium than that suggested by the model, involving a smaller number of potential hunters. 

 

No model can encompass every potentially relevant process, and several elements omitted from the 

NTS models are listed below in a tentative order of diminishing likely importance: 

• Hunting by shepherds whilst working in the mountains is not included in the model, but has 

the potential to be a serious factor given that opportunistic hunting would avoid many of the 

costs in the model associated with travel and searching. 

• Grazing competition or disturbance by livestock. Although ibex spend much of their time on 

high craggy slopes which are inaccessible to livestock, they descend lower at night to feed, 

and high summer pastures used by sheep will overlap with those areas grazed by ibex during 

the same season or later in the year. 

• Whilst no interviewees reported being caught poaching, most considered it at least a 

theoretical possibility, and it is possible that current levels of enforcement or perceptions 

thereof may still create a negative incentive. 

• Predation is not included within any of the models, except inasmuch as the carrying capacity 

is set at a level suggested by populations affected by predation elsewhere. Both wolves and 

snow leopard occur within the study area, although there is little information on their current 

or past abundance. 
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Despite the uncertainties with regard to the conservation threat, there are some clear implications 

according to a resource management perspective. Unregulated exploitation is highly unlikely to provide 

any kind of dependable income supplement as catches and effort will vary over wide ranges with the 

perturbations in stock size. It is also highly likely that typical harvests will be dramatically lower than 

the theoretical MSY due to open access harvesting driving the equilibrium stock far below the optimal 

level. 

 

 

6.6.2 Future prognoses 

 

Drawing from the discussion in chapter 4, it is difficult to make firm forecasts of socio-economic 

trends in the NTS, other than a likely increase in population size (see 4.3.3). It is probable that 

livestock numbers will increase in the NTS in the near future, which raises a number of direct issues 

with regard to wild ungulate conservation which were not included in the preceding models and whose 

importance is not yet apparent. Whether employment and opportunity costs of labour will increase 

accordingly within the sector of society most likely to hunt is more difficult to predict. An increase in 

the number of individuals working as shepherds could augment the pool of potential hunters, whilst the 

most significant additional income is returned on capital rather than labour. A general rise in labour 

incomes in the area would be beneficial, but the evidence that this is occurring in rural Kyrgyz areas is 

at best equivocal. 

 

Regardless of increases in livestock or local income trends, demand for meat is likely to increase with 

urban affluence, and demand from the local tourist industry which already accounts for an increase in 

market prices during the summer months according to traders. Increasing urban affluence also raises 

the prospect of illegal sport hunting by wealthy urbanites, and the commencement of commercial meat 

hunting for urban markets. Each of these possibilities was mentioned on a single occasion during 

general discussions with local informants. There is at least the potential for demand to increase without 

a counter-balancing increase in the baseline local opportunity cost of time, which leaves little room for 

complacency according to the effects considered in section 6.5.4. 

 

 

6.7 Conclusion 

 

It is difficult to make a clear prognosis for the real NTS system from the information on hand, but that 

is as expected, and was not the main object. As a modelling exercise, with the simulation assuming its 

intended role of surrogate reality, a few more conclusions can be drawn.  

 

The fitted S&D model demonstrated that a simple abstract model could produce a very close 

description of a complex system. Concerns that it might fundamentally fail to capture the dynamics due 

to the complexity of spatial or demographic processes in the simulation, or its potential for 
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discontinuities in responses to state variable such as N, were largely unfounded. What the fitted model 

did lack was the flexibility to deal with shifts in overall behaviour of the simulation due to its greater 

capacity for historicity. Hence the fitted model parameterised with equilibrium simulation data does a 

poor job of predicting behaviour during the initial decline phase when hunting costs are different due to 

a more naïve distribution of ibex (see 5.6.3). 

 

Of more relevance to real-world use, even very simple a priori models are not too far off the mark in 

their predictions. Of course you can only get from simple models what you put into them, and the a 

priori and sampled S&D models could never have reproduced simulation behaviour at a fine scale 

because the direct effect of effort on hunting cost (fig 6-6) was not anticipated. 

 

Understandably, conservation biologists concern themselves with exploring biological intricacies and 

their consequences, such as the stochastic processes which impact on small populations, sex-biased 

offtake and its demographic effects, migration, and the precise form of density dependence that a 

population exhibits. All of these process are of course important in shaping the outcomes of particular 

sets of circumstances, but the clearest message from the modelling is that the area of greatest 

uncertainty plays the greatest part in determining the overall character of the system, and concerns the 

economic rather than biological processes. Although little fieldwork has been carried out on ibex, there 

is enough direct and circumstantial evidence to suggest that, for example, the intrinsic rate of increase 

of most populations should be expected to lie somewhere in the interval of 0.15-0.3. Although this 

degree of uncertainty may appear profound to ecologists, its impacts on the bioeconomic system are 

fairly modest and largely predictable. The differing growth function used in the a priori and fitted S&D 

models, for instance, effect equilibrium offtake, but have only indirect and in practice limited influence 

on the equilibrium population level or the stability of the system. This is in stark contrast to the 

uncertainty surrounding the appropriate measure for the cost of time of potential hunters or their effort 

response to the profit incentive (see figs 6-24b,b,e,f and table 6-7 for an indication of the impact of 

these). 

 

Perhaps unsurprisingly for an approach based on supply and demand, the most crucial aspects are the 

forms of the hunting cost and demand functions. The reason that the sampling exercise failed so 

miserably to produce consistent predictions (figs 6-22, 6-23) was that the form of the hunting cost 

function used in the model allowed for a great range of outcomes at low N, about which data collected 

at high N was particularly uninformative. Admittedly the crux of the matter in this case was a 

biological process, the change in average herd size with population density, but it serves to illustrate 

that the change in expected hunting costs with population density is both crucial and opaque. The form 

of the demand function is just as influential, although uncertainty in this regard is glossed over in much 

of the modelling, the only explicit treatment of inelastic demand being amongst the illustrations of the 

effect of alternate socio-economic assumptions (fig 6-24a). The data collected from the North Tien 

Shan were modest, and doubtless more research would produce a clearer picture of the economic 
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processes. Worryingly, however, chapter 4 shows that in the absence of markets, the difficulties in 

elucidating these processes are not just practical, but also methodological. 

 

Despite the focus on spatial processes in chapters 2 and 3, spatial substructure appears to play a small 

role, at least in the NTS system. The best fit S&D model was global, and the data in table 6-5 shows 

that the difference in performance between the four alternate spatial structures was not enormous. The 

likelihood that the flexibility of the behaviour of the simulation is related to ibex distribution effects 

means that the spatial processes should not be ignored at a more subtle level, however. Yet although 

their capacity to upset the predictions of simple models should be remembered, it is difficult to see how 

they can be predicted. 

 

The recurrent theme of the last two paragraphs is the potential for discontinuities to disrupt predictions 

for a complex systems. To determine the probability that a stock collapse will lead to stock extinction, 

clearly it is necessary to know what will happen at low population numbers, but extrapolation from 

models based on behaviour at higher population levels may not be sufficient. Is it realistic to expect 

hunters to continue hunting for any appreciable length of time when prey populations have declined to 

the point at which their expected capture rate is only 1 in 20 trips? Do inaccessible parts of the 

landscape provide spatial refugia that essentially guarantee the survival of a core population 

irrespective of demand? Do hunters switch search tactics at low population density, perhaps tracking 

animals rather than relying on direct sightings, and hence curtailing the increase in search costs with 

falling prey density? Threshold phenomena and alternate states are a perennial theme in ecology (e.g. 

Beisner et al. 2003), and in respect of single populations, the most obvious considerations are Allee 

effects (e.g. Courchamp et al. 1999), but a harvested system has even greater potential for density-

related discontinuities. The potential for low density processes to differ radically from those at higher 

density means that they may be unpredictable in the absence of data from real low density events, and 

if low density outcomes are already known, then there may be little value to further modelling. 

 

Despite the difficulty of making accurate, long-range, quantitative forecasts, the qualitative similarities 

between the models should not be overlooked. None of the models predicted deterministic stock 

extinction; all involved an equilibrium at a fairly small proportion of N, with stochastic cycles 

occurring around it over a period of a few decades. None of the models predicted sudden extinction 

from high relatively high population levels; all extinctions involved declines over a number of years. 

These qualitative features do not provide satisfactory answers to questions such as ‘What is the 

probability of local extinction within the next 5 years?’ But they may begin to provide answers to 

tactical questions such as ‘At what point should managers begin to worry about a stock decline? What 

are the most reliable indicators that there is a high probability of extinction within the next 5 years?’ It 

may not be so important to be able to predict precisely the type of the discontinuities discussed above 

that will occur, as to discover which management strategies are robust to them if they do. These 

answers cannot simply be read off existing graphs of model output, but require the interactive use of 
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models as strategy development tools in an analogous fashion to the simulated war games of military 

planners. This theme of the tactical use of models will be revisited in chapter 8. 
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