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1 Introduction

Accurate representation of supply-response relationships is a prerequisite to scientific manage-
ment of natural-resource industries. An important challenge to modelling supply-response in many
resource-based industries is lack of population data for a biological entity that affects output. Ex-
amples from both agriculture and fisheries management illustrate. In agriculture, the population of
invasive pests is an important determinant of both pest damage and crop harvest (Lichtenberg and
Zilberman, 1986; Babcock, Lichtenberg, and Zilberman, 1992). In fisheries, landings cannot exceed
the existing stock of the fishery (Beverton and Holt; Bell, 1972; Clark, 1976; Squires, 1987). In
fact, the Beverton-Holt model of exploited fish populations predicts that, ceteris paribus, harvest
increases proportionately with the stock.

In both instances, accurate empirical modelling and management requires observations on vari-
ables that are likely missing in many, if not most, data sets. This creates a dilemma. Use models
that ignore this basic biological component of the technology. Or, maintain biologically correct
models that cannot be estimated without extreme stationarity assumptions on population behav-
ior.

This paper offers a solution. It argues that the separability properties of biologically-grounded
models of the underlying production processes frequently permit circumventing this obstacle. While
biologists have focused on the development of accurate yield-response relationships, economists have
concentrated on developing estimable production systems. Natural synergies should emerge from
combining these efforts.

We show how biological models can be combined with information on supply response to make
inferences on population dynamics and to estimate correctly specified biological production response
behavior even in the absence of direct observations on underlying population variables. The data
that we use to illustrate our procedures are agricultural in nature. So, for concreteness sake, the
treatment is for an agricultural producer facing an invasive pest species. But the basic principles
readily extend to other resource-based applications.

In what follows, we first specify the basic production model and the producer’s objective func-
tion. Then we briefly characterize optimal producer behavior to establish a direct link between
population variables and observable economic phenomena such as prices, supply, and derived de-
mand. We follow with a parametric specification of pest damage to crops and show how that choice
yields a variable cost function, consistent with biological behavior, that is estimable without direct
knowledge on pest population. It also yields a procedure for approximating pest population dynam-
ics. An empirical specification and description of the data is followed by an empirical application
of our ideas. That empirical application takes advantage of a unique characteristic of our data set,
direct observations on population variables. Those data are not used in estimation, but they allow

us to compare the population dynamics our procedure yields with actual population dynamics.



2 The Model

2.1 Structure of Production and Producer Objective

Production of a single crop, y, in period ¢t is characterized by

y:g(b,z)f(x,K,t)

where x € Ri represents variable productive inputs, K € Rf quasi-fixed productive inputs, b € Ry
the pest population, z € R} a damage-control or abating input, f (z, K,t) is (maximal) potential
supply in the absence of pests, and g (b, 2), g : R2 — (0, 1], represents the percentage of maximal
potential output that is realized in the presence of pest population b when the damage-control input
is applied at level z.

The producer’s short-run problem is to choose variable productive and damage control inputs

(z,z) to maximize profit. Notationally,
max {pg (b, z) f (z,K,t) — w'z —v'z} (1)
T,z

where p € R,y is output price, w € %i 4 is a vector of variable productive input prices, and

v € R4+ is the damage-control input price. We rewrite this problem as

max{pg (b,2) f(z,K,t) —w'z —v'z} = max {py —w'r—v'z:y=g(b, z)f(;v,K,t)}

Y,x,z

= max{pyw'zv'z: i :f($,K,t)}

Y,x,z
= maxqpy —c | w, Y JK ) =z (2
vz g9(b,2)

c(w, f,K,t):= mxin {w'a: f = f(a:,K,t)}

~—

Here

is minimum variable-cost associated with the productive inputs, x, producing f in the absence of

pests. The first-order conditions for an interior solution to (2) require:

y
pg(b,z) = ¢ <w,,K,t>,
(b:2) / g(b,z)

2 (b,
cr <w, y ,K,t> 71}9( Z2) = v,
g (b, 2)

where cy¢ (w, g(i/z) VK, t) denotes the partial derivative of ¢ (w, f, K,t) with respect to f. Solving

gives:
gz (b, 2)

Vo (3)



Expression (3) can also be obtained directly as a first-order condition for (1). The solution to
these first-order conditions yields: optimal product supply, y (p, w, K,t,v,b), and optimal derived
demands for = and z, z (p,w, K, t,v,b) and z (p,w, K,t,v,b), respectively.

2.2 The Damage-Control Specification and Population Dynamics

The choice of a parametric specification for g (b, z) has been widely discussed (Lichtenberg and
Zilberman, 1986; Babcock et al., 1992; Carasco-Tauber and Moffit, 1992; Fox and Weersink, 1995;
Carpentier and Weaver, 1997; Hennessy, 1997; Oude Lansink and Carpentier, 2001). We follow
Lichtenberg and Zilberman (1986) and Fox and Weersink (1995) and formulate g (b, z) as comprising

two components, control and damage:
g (b, z) = exp (=Abexp (=02)), (4)

where A and ¢ are parameters. In this specification, C' := exp (—dz) represents the control compo-
nent of the technology, and exp (—AbC') the damage-component given control at level C.

A parametric specification for g (b, z) establishes a direct (and typically invertible) link between
the underlying pest population, b, and observable economic phenomena. The situation is not unlike
that used in the specification of price-dependent demand systems. In the latter, demand systems
are expressed in price-dependent form even though theory presumes those prices as given. In the
current context, supply and input demands are all conditioned by b, which is predetermined to the
producer. That typically yields a closed-form solution for the pest population (up to proportional
transformation), b, just as quantity-dependent demand systems can be inverted to obtain price-
dependent forms.

Using (4) in (3) and rearranging gives

v

b = .
dpy (p,w, K, t,v,b)exp (—=6z (p,w, K, t,v,b))

(5)

Given information on p, y (p,w, K,t,v,b),z (p,w, K,t,v,b), v, and the parameter 4, Ab can be
calculated from (5). Substituting (5) into (4) gives

(%
g(b,Z(p,UJ?Uab)) = exXp <_(5py (p,w,K7t7U7b)) (6)

Conditional on the assumption of profit maximization, a strategy for inferring A\b is apparent.
From (5), given observations on supply response and price, the essential problem is to obtain an
estimate for &, which is the parameter determining the effectiveness of pesticides in controlling

pests. Optimal variable input cost (conditioned on z and y) for the variable productive inputs



equals ¢ (w, g(gz) , K t) , which depends upon b. Substituting from (6) gives

K, t,v,b
C<w, (ly);(p(,w, ’K:’ )b))jK,t) =c|w, Y VKt
z (p,w , U _ v
JAO 20 exp ( 5py(p7w1:K,t7v,b)>
Therefore, one can choose a parametric specification for ¢ (w, f, K, t) and upon substituting Y

S )
for f in that form, one obtains an expression for variable-productive input cost that can be combined

with information on w, p, K, and y (p, w, K, t,v,b) to estimate both the parameters of ¢ (w, f, K,t)
and J. Once that information is obtained, the estimate of § can be used with (5) to approximate
Ab.

3 Data

Our data are from a small scale survey of 50 olive-growing farms during the 1999-2004 cropping
period that was conducted by extension personnel of the Greek National Agricultural Foundation.
The survey was designed to study the effectiveness of six-pesticide ingredients against the olive-fruit
fly Bactocera Oleae (Gmellin). Bactocera Oleae is the most serious pest for olives.

The biological cycle of Bactocera Oleae is closely linked to environmental conditions, in partic-
ular humidity and temperature. Within a year, there are generally three to five generations, but
in some years there can be a sixth generation, which grows in the spring on the olive tree but does
not remain on the tree. The population size varies in a seasonal manner with two peaks. The first
occurs at the end of spring (April to May), and the population gradually falls until midsummer.
After that it rises and reach a second and higher peak in late summer, early Autumn (late August
to early October) when the olives are more vulnerable to pest damage.

The data consist of a balanced panel of olive farms located in the same geographical area in
the western part of the island of Crete and operating under similar environmental and climatic
conditions. Crete accounts for approximately 40 percent of total Greek olive-oil production. The
climatic conditions are dry during the summer with significant variation in temperature and humid-
ity. Specifically, humidity rates vary among olive groves between 20 and 88 percent, while average
air temperature varies from 16 to 22°C. The data consist of observations on output (olive-oil), three
variable inputs (hired labor, fertilizers, other intermediate inputs), two quasi-fixed inputs (capital
and family labor), and pesticides materials.

Output is measured in kilograms and consists of olive-oil quantities sold off the farm, quantities
consumed by the farm household during the crop year, and the portion of output kept by olive mills
as a fee for extraction services. Farmers use a mixture of fertilizers including nitrate, phosphorous,
and potassium. These different fertilizers were aggregated into a single aggregate Tornquist fertilizer
index with the cost shares of each type of fertilizer defining the relevant weights. Intermediate inputs

consist of goods and materials used during the crop year, whether purchased off farm or withdrawn



from beginning inventories. These include fuel and electric power, storage expenses, and irrigation
measured in Euros. The price of hired labor was computed as the average hourly wage including
social security and taxes paid by farmers. The computed hourly wage varies across farms as the
demand for hired workers differs significantly during harvesting season (harvesting season usually
starts from the late October until the end of January with significant fluctuations depending on the
maturity stage and pest infestation among farms). Family labor devoted to productive activities
was treated as a quasi-fixed input and is measured in hours worked on farm. Capital stock was
computed using the perpetual-inventory method as described by Ball et al., (1993) and data on
depreciation rates obtained from the Greek Ministry of Agriculture for different farming equipment.

The survey contains farm-level information on six different pesticide ingredients, which are
applied approximately every two weeks depending on the pest population levels observed in the
olive-fields. These consist of data on expenditures and quantities used measured in litres. We
use these data to construct an aggregate pesticides input quantity and price index using Tornquist
procedures with cost shares of each ingredient to total pesticides expenditures being the relevant
weights. Finally, information on the pest population was obtained by means of chemical traps that
are installed (for our sample) on every 500 square meters of the farm’s plot. Our information on
pest population was derived by using the number of olive flies captured in these traps to extrapolate
the whole pest population in each plot.

Summary statistics for all variables used in the empirical analysis are presented in Table 1. Fi-
nally, prior to econometric estimation, and to avoid problems associated with units of measurement,
all variables were converted into indices, with the basis of normalization being the representative
olive-oil farm. The representative farm was the one with smallest deviation of all variables from

the sample means.

4 Econometric Specification

In our empirical application, the variable cost function takes the following flexible, transcendental

logarithmic (translog) form:

Incit (wit, fit, Kit,t) = Inag + o¥Infir + Z o lnwji + Z adinKpit + o't + Z agwlnfitlnwjit
J k J
+ Z aqunfitanit + ozytlnfitt + Z a?’kqlnwjitlnl(kit + Z a}”tlnwﬁtt
k ik j
+ 05 [a®ingd +) ) attinwjplnwpy + Y alflnKyilnKy, + of't?
i h ko1

+ Z aZtanitt
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Here i subscripts correspond to the i*” farm and t subscripts to the t** year, wj;t is the price for
the j** variable input, K is the k" quasi-fixed input used in farm production and, ¢ is a simple
time index capturing changes in farming technology. This translog cost function is converted to

estimable form by using (6) and making the following substitution:

Infie = Iny; +

PitYit
where v;; is the price of pesticide materials, p;; the output price, and y;; is realized output. Symmetry

and linear homogeneity in variable-input prices imply the following parameter restrictions: o}’ =

apts aff = afl, 3,0 =1, 3, a8 =0V, 3, af" =0, 3o af! =0k and 37 o' = 0. By
Shephard’s lemma, the variable-input cost share for input j is:

Spacy >—|—Zahlnwh,t+a t—i—Za]kank,t
DitYit

Sjit = OZ;U +« (lnyzt +

where Sjiy = (wjixjit)/cit denotes the share of the jth variable-input in total cost of farm produc-
tion.

The system of variable-input cost shares was estimated together with the cost function using
the full-information-maximum-likelihood (FIML) method after appending a suitable econometric
error structure. The associated likelihood function was maximized using Berndt-Hall-Hall-Hausman
(BHHH) algorithm. Although our variable-cost function specification treats farm output as prede-
termined, econometrically it is endogenous. To accommodate this endogeneity, we ran a first-stage
OLS regression of realized output against variable input and output prices as well as two envi-
ronmental variables (humidity rates and air temperature), the altitude of farm location, and two
farm-specific characteristics (average household education level and number of extension visits on-
farm). After running the OLS regressions, the predicted values of realized output were used in the

econometric estimation of the cost system.!

5 Empirical Results

The estimated parameters of the conditional cost system are reported in Table 2. Most of the
estimated parameters are statistically different from zero at standard confidence levels. The com-
puted pseudo-R? is 0.813 suggesting that the econometric model is a good representation of the
underlying data-generation process. We note, in particular, that J, the parameter determining
the effectiveness of pesticides, appears to have been very precisely estimated and that it appears
significantly different zero.

Table 3 reports estimated variable-input demand elasticities at sample means. All estimated

own-price elasticities are negative as required by theory. All estimated cross-price effects are positive

LOLS parameter estimates of the first-stage OLS regression are available upon request.



suggesting that hired labor, fertilizers and intermediate inputs are substitutes in olive-oil production
(see Table 3). The magnitudes of these point elasticity estimates all appear plausible and are
consistent with existing results on input-demand elasticities.

We now turn to the main focus of our analysis, inferring information on the underlying pest pop-

ulation. From (5), one can obtain point estimates of the compound term, Ab;, for each observation

as
vs
Abit = - -
ODitYit €XP (_5Zit)
whence
bis vy Pit—1Yit—1€xp (_(5zit—1>

b1 Vi-1 pyyy exp <—52it>

where & represents the estimate of § reported in Table 2. Point estimates of pest-population growth
rates can now be obtained by taking natural logarithms.

Table 4 reports the resulting estimates of annual average pest-population growth rates for the
period 1999 to 2004 along with the actual growth rates computed from our sample estimates of pest
population. According to both the survey data and our estimates, pest infestation has grown over
the sample period, but its growth has been quite erratic. Apart from the first year, the agreement
is close between our estimate of the pest-population growth rate and the actual growth rate. In
each year that the actual pest population grew our estimate also indicates growth, and in each
year that the pest population fell our estimate also indicates a decline. The correlation coefficient
between the two series is .908.

Figure 1 presents the point estimates of these average growth rates, their confidence intervals
(.95) constructed by bootstrapping methods,? and the observed population growth rates on common
axes. Only the observed growth rate for 2000 falls outside its interval estimate derived from our
model.

Table 5 reports average observed pest-population levels, average observed pesticide applications,
average observed pest-population growth rates, and average estimated pest population growth rates
at different times over the crop year. Values in Table 5 were calculated as the average values over
farms for the six-years of the survey. They refer to specific days that measures were taken by the
extension agents. In total there are twelve different data points covering the whole cycle of pest
reproduction during cropping seasons (May to October).

Figure 2 presents our point estimates of these same growth rates, their bootstrapped confidence
intervals, and the actual observed values on a common axes. Figure 2 shows that the seasonal

pattern of pest infestation is well captured by our procedures as all observed values fall within our

2Standard errors for the point estimates of pest population growth were obtained using block resampling techniques
which entails grouping the data randomly in a number of blocks (of 5 observations) and reestimating the model leaving
out each time one of the blocks of observations and then computing the corresponding standard errors (Politis and
Romano 1994).



interval estimates. In late Spring and early Autumn pest infestation rates are higher due to the
prevailing low temperatures and high humidity rates. The same pattern is followed by pesticide
application rates as farmers respond to increased infestation levels. Although the absolute figures
exhibit some variations around the true values, our model predicts directional change accurately
in all instances. Our point estimates under-predict slightly the early stages of larval development
(May, June and August) and over-predict the late stages of its maturity (July, September and
October). But overall the fit is close. The correlation coefficient between observed and estimated
growth rates is quite high, .942.

Table 6 reports averages of estimated values for g (b, z) , estimated pest-population growth rates,
and observed pest-population growth rates for each farm in the sample. The average farm realizes
approximately 82% of maximum potential output so that average pest damage is 18 to 19%. In
every instance, our model predicts accurately the the direction of average pest-popullation growth.
And as Figure 3 illustrates, in some instances, the difference between estimated and observed growth

rates is negligible. The correlation coefficient between the observed and the estimated series is .982.

6 Concluding Remarks

We developed a biologically correct cost system for production systems facing invasive pests that
allows the estimation of population dynamics without a priori knowledge of their true values.
We applied that model to a data set for olive producers in Crete and derived from it predictions
about the underlying populations dynamics. Those dynamics were compared to information on
population dynamics obtained from pest sampling with extremely favorable results.

These results suggest that our method offers an appealing alternative in modelling supply
response systems that depend upon unobserved population variables. Obviously, the empirical
findings cannot be extrapolated beyond the current application. But the basic theoretical procedure
for using information from biological models can easily be extended to other applications. That
procedure essentially marries economic analysis with prior biological information. Biologists have
expended considerable effort in developing biologically plausible specifications of the interactions
between populations and yield response. Similarly, economists have expended generations of effort
in developing and estimating production systems. It seems natural that synergies should arise from
combining these efforts.

From a production perspective, biological specifications often define natural separable struc-
tures that can be exploited in analytic and econometric modelling. Incorporating this biological
information into our models potentially improves modelling efficiency. But there is another natural
by-product It should also enhance our ability of economists to communicate economic analysis to
other disciplines. Our results suggest that other studies on natural-resource industries could benefit

by incorporating biologically correct models to provide more accurate supply-response modelling.
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Table 1: Summary Statistics of the Variables

Tables

Variable Mean Maximum Minimum
Olive-Oil

- Quantity (kgs) 21,051 111,168 1,658
- Price (euros) 2.62 3.62 1.63
Labor

- Quantity (hrs) 578 2,985 48
- Price (euros) 20.33 29.85 13.79
Fertilizers

- Quantity (kgs) 16,037 87,266 846
- Price (euros) 0.236 0.350 0.113
Intermediate Inputs

- Total Cost (euros) 2,813 13,587 350
- Price (euros) 3.19 4.41 1.85
Capital (euros) 25,214 142,543 2,341
Education (years) 8 16 2
Extension Visits (no) 8 37 1
Temperature (°C) 24.91 37.32 12.38
Humidity (percentage) 0.43 0.88 0.20
Altitude (meters) 316 995 6
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Table 2: Parameter Estimates of the Translog Cost Function

Parameter | Estimate | StdError | Parameter | Estimate | StdError

0 0.3013 | (0.0539)
W 0.3717 | (0.0096) ol 0.0092 | (0.0056)
a 0.1421 | (0.0087) arh 0.0086 | (0.0048)
ay 0.4862 | (0.1239) oapd 0.0118 | (0.0057)
ad, -0.2629 | (0.0304) aph -0.0097 | (0.0048)
ol -0.1267 | (0.0357) atd -0.0210 | (0.0056)
oY 0.9486 | (0.3193) ot 0.0012 | (0.0034)
ot -0.1011 | (0.0463) ad® 0.0224 | (0.0114)
QW -0.1720 | (0.0192) o’ 0.0017 | (0.0120)
ay -0.0125 | (0.0198) ad® -0.0241 | (0.0112)
Q¥ -0.1458 | (0.0651) at 0.0078 | (0.0086)
'y 0.0193 | (0.0115) apt 0.0162 | (0.0080)
aww 0.1526 | (0.1234) at -0.0240 | (0.0201)
Qww -0.0069 | (0.0056) old -0.1094 | (0.0406)
ot 0.0525 | (0.0740) 4] -0.0122 | (0.0548)
ol 0.0157 | (0.0594) o, -0.0217 | (0.0269)
. 0.0305 | (0.0130) ol 0.0296 | (0.0129)
ol -0.0271 | (0.0571) oVt 0.0010 | (0.0582)
oy -0.1074 | (0.0419) 5. -0.6372 | (0.0494)

LnL -235.654

where, L stands for labor, F' for fertilizers, I for intermediate inputs, C for capital,
H for household labor, Z for pesticides and Y for output (i.e., olive-oil).
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Figure 1: Observed and Estimated Pest Population Growth: Average Values of the 2000-2004
Period
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Figure 2: Observed and Estimated Pest Population Growth: Average Values of the Cropping
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Table 3: Variable Input Demand Elasticities

Variable-Input Demands wi, WEg wr
Labor (L) -0.8633 | 0.3889 0.4744
(0.2091) | (0.1093) | (0.0983)
Fertilizers (F') 0.1685 | -0.8024 | 0.6339
(0.0439) | (0.2091) | (0.1123)
Intermediate Inputs (1) | 0.1423 | 0.5222 | -0.6645
(0.0345) | (0.1034) | (0.2310)

In parentheses are the corresponding standard errors obtained using
block resampling techniques (Politis and Romano 1994).

Table 4: Estimated and Observed Pest Population Growth

Pest Population Growth | 1999-00 | 2000-01 | 2001-02 | 2002-03 | 2003-04 | Mean | rho
Observed 6.03 -8.69 7.85 -3.27 -0.27 0.29 90.8
Estimated 1.04 -5.91 9.70 -1.42 -2.31 0.38 '

Table 5: Pest Population, Pesticide Materials and Pest Population Growth During
the Cropping Season

Date Pest Population | Pesticide Materials | Pest Population Growth

(in no of pests) (in grams) Observed Estimated
May 15" 137 278 - -
June 15 120 254 -13.9 -10.2
June 15" 92 214 -26.4 -23.5
July 1% 51 169 -57.9 -62.5
July 10" 24 76 -77.1 -82.4
July 20%" 11 31 -77.0 -86.3
August 1% 16 22 36.9 32.5
August 10" 41 48 94.7 87.6
August 20" 87 98 75.0 81.4
September 15 111 182 24.2 32.7
September 15" 128 244 14.1 17.9
October 1% 140 280 8.7 10.2
Mean 80 158 0.26 0.39
rho 88.5 94.2
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Figure 3: Observed and Estimated Pest Population Growth: Average Farm Values
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Table 6: Average Farm Values of Output Realization and Pest Population Growth

Farm Output Pest Population Growth | Farm Output Pest Population Growth
No | Realization | Observed Estimated | No | Realization | Observed Estimated
1 94.26 -0.77 -043 | 26 51.07 0.77 0.58
2 51.74 -5.31 -4.94 | 27 95.13 9.55 10.73
3 47.41 2.72 331 28 33.09 -22.71 -21.76
4 92.61 -8.32 -11.36 29 69.69 2.28 2.41
5 91.07 1.75 1.73 | 30 68.39 3.92 2.01
6 57.66 -2.94 -2.04 | 31 98.47 -6.93 -9.69
7 99.72 -2.68 -341 | 32 35.41 2.01 1.19
8 99.32 13.46 18.20 | 33 98.60 12.22 14.97
9 95.80 2.35 260 | 34 79.78 2.32 1.84
10 95.49 4.25 4.12 35 70.20 7.10 7.54
11 99.28 7.66 6.75 | 36 97.79 2.88 4.57
12 85.96 -12.69 -18.04 | 37 61.36 0.62 0.56
13 88.67 13.68 17.58 | 38 99.36 -4.55 -6.78
14 68.38 0.06 0.03 | 39 99.77 -3.18 -1.10
15 99.35 -0.82 -0.87 | 40 92.13 -4.34 -4.14
16 79.96 -14.14 -18.29 | 41 74.15 7.45 10.75
17 78.73 -0.68 -0.84 | 42 99.98 10.84 11.96
18 99.76 2.84 3.78 | 43 99.97 4.18 3.47
19 89.17 3.31 2.72 44 81.72 2.86 2.33
20 99.98 1.69 1.20 | 45 99.99 -1.75 -1.12
21 79.74 -0.78 -0.65 | 46 70.79 4.34 3.73
22 99.94 5.04 5.32 | 47 49.46 8.87 10.45
23 82.16 -2.49 -2.89 | 48 91.86 3.06 5.13
24 35.26 -13.64 -16.94 49 86.70 -1.45 -1.99
25 96.20 -3.81 -4.96 | 50 91.58 -12.23 -15.82
Mean Values 81.69 0.37 0.29

Correlation Coefficient (rho) 98.6
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