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Abstract 

There is considerable interest in watershed-based water quality protection.  However, the 

approach can be highly information intensive, necessitating decisions about the types and 

amounts of data used to guide decisions.  This study examines the Bayesian value of 

different types and amounts of sample information for reducing nutrient pollution in the 

Conestoga watershed of Pennsylvania, focusing on nitrogen from agricultural sources.  

Uncertainty is modeled from the perspective of a social planner seeking to maximize the 

economic efficiency of water quality control.  A nested Monte Carlo procedure combined 

with an Evolutionary Optimization Strategy with Covariance Matrix Adaptation is used 

to compute resource allocation that optimizes the expected net benefit after updating for 

varying sample sizes and information types (broadly classified as pertaining to abatement 

costs, pollution fate and transport, and benefits of environmental protection).  The results 

provide insights the returns from information investments to improve water quality 

management. 

KEY TERMS: water quality management; value of sample information; Monte Carlo  
   simulation 
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I. Introduction 

Effective implementation of watershed-based water quality management requires 

significant information on pollution sources, water quality conditions, and relationships 

between land uses and pollution loads, and pollution loads and water quality conditions 

(National Research Council, 2000).  This Information is typically imperfect, necessitating 

decision making under uncertainty.  Uncertainty and the attendant risk can be diminished 

by investments in additional information.  Yet, given scare resources for water quality 

management, managers must make decisions about the types and amounts of information 

that they collect. 

One tool for guiding choices about the amounts and types of information is the 

value of information.  Defined generally, the value of information is the increase in the 

expected “utility” of a decision that would derive from the collection and use of new 

information relative to the expected outcome achieved without new information.   Value 

of information studies often focus on the value of perfect information, that is, new 

information that eliminates uncertainty about a specific parameter or set of parameters 

(Thompson and Evans, 1997; Yokota and Thompson, 2004).  A recent example relevant 

to this study is Borisova et al (2005), who estimate the value of perfect information about 

the benefits and costs of water quality protection under alternative water quality policy 

regimes.  However, casting information choices as being between imperfect prior 

information and perfect posterior information is both unrealistic and uneconomic.  Rather, 

the realistic and economic choices recognize that the value of perfect information may 

not justify the cost of obtaining it. 
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A more useful concept is the expected value of sample information (EVSI).  EVSI 

is the difference between the expected value of decisions selected after the collection of 

additional data (i.e., a sample) that is used to update the decision maker’s priors, and the 

expected value of optimal decisions made only with prior information.  While the concept 

is not new, applications have been limited (Yokota and Thompson, 2004).  The EVSI 

concept is now beginning to attract attention in the environmental science literature and 

health economics, due in large part to advances in computing that make estimation of 

EVSI tractable (Dakins et al., 1996; Claxton et al, 2001; Ades et al., 2004; Yokota and 

Thompson, 2004).   

This paper examines the value of economic and biophysical sample information 

for water quality management in the context of a case study of nitrogen pollution control 

from agricultural sources in the Conestoga River watershed (CRW) of Pennsylvania.  

Agriculture in the Conestoga is a major source of nutrients entering the Chesapeake Bay. 

The paper begins with a model of Conestoga watershed management problem.  The 

concept of EVSI is then developed in the context of this problem, and an algorithm for 

computation of EVSI presented.  Results and analysis are then presented. 

 

II. Conestoga Watershed Model 

The CRW is located in Lancaster County, in Southeast Pennsylvania, and within 

the Chesapeake Bay watershed (CBW) (Figure 1).  Land use in the CRW is a highly 

agricultural, with 52% of the total land area in agriculture.  Animal intensive agriculture 

in the watershed has been identified as a leading source of nutrients entering the 

Chesapeake Bay from Pennsylvania (Coale, 2003; Mark and Knaffke, 1998; 
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Susquehanna River Basin Commission, 1991).  Reducing nutrient loads from agriculture 

is the CRW, is a major objective of water quality planners.   

The objective of water quality decision making is taken to be maximizing the 

economic efficiency of water quality protection.  Accordingly, the results obtained here 

are for the value of information for achieving efficient water quality protection.  Three 

models are used to compute the expected net benefits of changes in resource allocation 

for water quality protection: (1) a model that determines the level of nitrogen loads to the 

mouth of the CRW from agricultural operations in the watershed, and correspondingly, 

the costs of changes in resource allocation for water quality protection; (2) a model 

determines the transport of nitrogen from the watershed to the Chesapeake Bay; and (3) a 

model of the costs of forgone ecosystem services in the Bay resulting from increased 

nutrient pollution. 

Agricultural Production Model 

The agricultural production model component is a highly simplified 

representation of the dominant integrated corn-dairy production system, intended to 

capture key policy variables and relationships.  In the model, farmers produce corn and 

milk.  Corn production requires plant nutrients (mainly nitrogen and phosphorous) and 

land.  This study focuses on nitrogen.  Nitrogen is supplied to corn land from dairy 

manure, and supplemented by purchases of commercial fertilizer.  Corn is fed to cows 

and sold on the market.     

 Corn production is modeled using a two-level constant elasticity of substitution 

(CES) production function with constant returns to scale (Sato, 1967; Abler and Shortle, 

1992; Kawagoe et al, 1985; Thirtle, 1985; Bingswagner, 1974): 
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where Y is corn production, u is the share of applied nitrogen (N) that utilized by plants, 

B is a production function parameter for watershed, 
σ
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factor j (j = A or N)).     

 Nitrogen is supplied to the crop from two sources: purchased fertilizer (XP) and 

cattle manure (XM).  These sources are considered to be imperfect substitutes.  Assuming 

that excretion rate per cow is v, and that number of milk cow is CN,the nitrogen supplied 

to the crops is expressed as:  

(2) ( )bbrv
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where δ is a scale parameter and b =
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, Nσ = elasticity of substitution between XP 

and XM.1  The nitrogen per unit of manure (r) is measured by the nitrogen contained in 

manure when excreted, less losses affected by manure management practices of storage 

and field application (Rotz, 2004).   

Farmers are assumed to maximize profit, and to have no collective influence on 

the prices of inputs and outputs except for local crop land.  The profit from corn 

production is: 
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1 All the values of substitution elasticity of ‘A and N’ and ‘XP and XM’ are positive, in this study.  This 
implies that two input factors in each CES function are interpreted as substitutes, rather than complements 
(Kemfert, 1998).  
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where PC and Pf  are the prices of corn and nitrogen, respectively, and R is the market 

rental rate of land in the watershed.  

Agricultural land is reasonably assumed to be inelastic in supply in the watershed, 

so that policy induced changes in the demand for land can be expected to impact local 

rental rates for agricultural land.  Land supply is modeled as  

(4) A = sRη 

where s is a parameter and η is the elasticity of land supply.   

The profits from dairy production ( Mπ ) are modeled as a function of cow 

numbers.  Specifically, the following nonlinear function is used to approximate the 

restricted profit function of dairy production: 

 (5) Z
NCτπ −= NM C  

where τ and Z are parameters.   

Nitrogen Load Model 

 Following Abler et al (2002), the expected annual load to the month of the 

watershed (NL) resulting from crop production is modeled:  

(6) NL = A)N(PwANPw 2
C

2
r2C

2
r1 +  

where w1, w2 and w3 are coefficients, Pr is the mean annual precipitation and A is land 

acreage devoted to corn production.  The nitrogen concentration NC is specified as the 

ratio of nitrogen runoff mass (1-u)N and water volume PrA: 

(7) NC = 
ArP
u)N1( −φ  

whereφ is a calibration coefficient.   
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 The portion of the load at the mouth of the watershed that reaches the Chesapeake 

Bay is modeled with a constant transport coefficient Ө so that the total nitrogen load 

reaching the Bay (L) is expressed as: 

(8) L = ӨNL 

Environmental Damage Costs 

The economics costs of nitrogen loads in the Conestoga watershed to the 

Chesapeake Bay is expressed as an increasing and convex function of the total nitrogen 

load L to the Bay: 

(9) qD(L) Lρ=  

whereD is economic damage, ρ  is a coefficient, q is elasticity of damage function, 

and 0,0 22 >∂∂>∂∂ LDLD .   

Social  Net Benefit (SNB) 

Under the assumptions to this point, the social surplus from agricultural 

production is,  

(10) 
A))],C ,X((                               

)()(A),C ,(X[

NP

MNP

LD
AERCEenefitSocialNetB NC

−
++= ππ

 

 

III. Uncertainty and EVSI 

The planner’s uncertainty about the costs and benefits of water quality protection 

is modeled by treating parameters of the various functions determining SNB as random 

variables with known distributions.  Since the estimates of these uncertain parameters 
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vary widely, uniform distributions2 are used to describe the prior distributions of the 

parameters, as done in previous works (Horan et al, 2002; Borisova et al, 2005).  

Uncertainty is classified into three categories: (1) the costs of changes in resource 

allocation for water quality protection in agriculture; (2) the effects of changes in 

resource allocation on nutrient loads reaching the Bay from the CRW; and (3) the 

environmental benefits of reduced nutrient loads. 

The planner’s uncertainty about producers’ costs of pollution control is modeled 

as a problem of asymmetric information where producers know their costs of compliance 

when making production decisions, but the planner does not know.  The planner can only 

form an expectation of the farmers’ responses to the policy, without perfect information. 

The elasticities of substitution in the nested corn production function (σ and Nσ ), the 

elasticity of land supply (η), and the nitrogen utilization rate (u) are uncertain.  So too are 

the manure per cow (v) and nitrogen per unit of manure (r).  The prior distributions for 

these parameters are based on prior empirical studies (see Table 1).  For the calibration of 

parameters in the dairy profit function (τ and Z), this study uses data on net income per 

cow of dairy farm in Pennsylvania (PFB MSC Services (2005)), along with baseline herd 

size.   

Uncertainty about the movement of nitrogen from the watershed to the Bay is 

modeled by treating the transport coefficient, Ө, as a random variable with a known 

distribution.  The prior for this distribution is based on Carmichael and Evans (2000).  In 

                                                 
2 Uniform distribution is a conventional choice for representing prior distribution of an uncertain parameter 
(Lawrence, 1999). 
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addition, annual precipitation Pr is normal distributed with a mean and variance based on 

precipitation data for the Lancaster County, PA.3   

Uncertainty in the damage cost function is modeled by treating damage exponent 

(q) and damage coefficient (ρ) as random variables.  The range of the values of these 

parameters is set such that the optimal expected load with updated information is in the 

range of 60-80% of the baseline load.   

The Expected Value of Sample Information 

The above ‘Social Net Benefit (SNB)’ function can be expressed in the simplest 

term as:  

(11) ) D(X,-) (X,) (X, SNB ψχπθ =  

where π(.) represents economic profits from agricultural resources used in agricultural 

production (X), D(.) is economic damage from the Conestoga nitrogen loads to the 

Chesapeake Bay, and θ (=
⎥
⎥
⎦

⎤

⎢
⎢
⎣

⎡
−−−

ψ

χ
) is the vector of uncertain parameters with defined prior 

probability distributions of economic profit (χ) and economic damage (ψ). 

 The optimal resource allocation in agricultural production given the current (prior) 

information is: 

(12) ∫=
θ

θθθ dPXSNBMax
X

)(),(SNBB  

 where P(θ) is a multi-variate prior probability distribution based on current information. 

Any data collected (DI) would be used to update the uncertainty about the true underlying 

value of θ.  Given a particular simulated data set DI, a revised decision is made by 

                                                 
3 For the estimation of the precipitation, county-level data of annual total precipitation of 73 years (1931-
2004) are taken from National Climatic Data Center (NCDC). 
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evaluating each decision strategy in turn and then choosing the one with the highest 

expected SNB.  Thus, expected SNB under the new information can be written as 

(13) ∫=
θ

θθθ dDPXSNBMax IPX
)|(),(SNBN  

where PP(.) is pre-posterior probability density of updated θ.   

 Since it is not known what the result of the collection of data DI will be, the 

distribution of possible results of the data DI must be averaged.  Thus, overall expected 

SNB of the proposed data collection is given by: 

(14) [ ]∫ ∫=
ID I

A
N D)()|(),(SNB dDPdDPXSNBMax IDIPX θ

θθθ  

where PD(.) is probability density function of data set DI.  This expression clearly shows 

the nested expectation procedure.  The outer expectation relates to the variety of possible 

results of the proposed data collection.  The inner expectation relates to the evaluation of 

the decision model under remaining uncertainty having obtained proposed data.  In the 

inner circle, the uncertain parameters are sampled from their pre-posterior distributions 

PP(θi|DIi) for θi∈θ.   

 Finally, EVSI is defined as the difference between the expected value of decision 

made after a data of parameters of interest DI have been collected (14) and expected 

value of a decision made with baseline information (12): 

(15) EVSI = B
A
N SNBSNB −  

[ ]
∫

∫ ∫
−

=

θ

θ

θθθ

θθθ

dPXSNBMax

dDPdDPXSNBMax

X

IDIPX

)(),(    

D)()|(),(
ID I

           

  This two-step update procedure is implemented numerically using a “nested inner 

Monte Carlo integration’ (Ades et al., 2004).  In Figure 3, the corresponding flow chart 
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for the above computation of EVSI is presented.  The most important part of undertaking 

the above EVSI analysis is synthesizing the existing prior evidence with the simulated 

data to form a simulated posterior probability distribution for the parameter of interest.  

This process of updating the probability distribution P(θ) given new data DI makes EVSI 

inherently Bayesian. 

For optimization, the objective function (SNB) is highly nonlinear with respect to 

the control variables.  Accordingly, SNB is optimized by heuristic method, rather than by 

direct optimization procedure.  In this research, the Evolution Strategy with Covariance 

Matrix Adaptation (a heuristic optimization algorithm; Hansen and Kern, 2004) is used 

for the optimization.  CMA-ES is a local search algorithm that only few best solution 

candidates are selected in each generation.  So, the algorithm exploits search space more 

effectively, especially in large population of candidate solutions.  This nested Monte 

Carlo simulation is performed using Matlab 7.0.   

Bayesian Updating 

 The prior distributions for uncertain parameters are described mainly by uniform 

distributions which are conventional choices for representing a high degree of uncertainty 

(Lawrence, 1999).  Such prior distributions are combined with the new simulation data 

using Bayesian updating process.  In the absence of new data from the fields, this study 

generates new data such that the likelihoods for the proposed data are conjugate with the 

prior uniform distributions, and that the posterior have revised means and smaller 

variances than priors.  Due to space limitations, such new information of the uncertain 

parameters is not presented in detail here. 
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In this study, the prior uniform distributions are transformed into normal 

distributions to mathematically simplify the Bayesian updating process as done by Chung 

(2004).  Transforming from original uniform distribution of range (a, b), the mean ( 0µ ) 

and the variance ( 0σ ) of normal distribution are derived as 

(16) 
22

0

0

)(
12
1

)(
2
1

ab

ba

−=

+=

σ

µ
  

Combining this transformed normal distribution with the Bayes’ theorem, the posterior 

distribution of sample size m (PU), is derived as the normal distribution with the 

following mean ( uµ ) and variance ( uσ ): 

(17) 
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22
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where X is a sample mean and σ is a sample variance.  At last, drawing from this 

updated posterior distributions, PU, the Monte Carlo simulation is performed to derive ex 

ante posterior expected SNBs.   

Sampling Plans 

Four alternative sampling strategies are applied, for which expected values of 

sample information are compared.  The first strategy is that each sample collects data on 

all the eleven uncertain parameters.  In practice, it is, however, impossible for social 

planner to get into the study design of all uncertainty4 because of huge cost of such 

                                                 
4 All the samples of uncertain parameters are simultaneously increased to examine EVSI.  
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research.  Rather, it is more reasonable to concentrate on a particular study design on a 

subset of all the uncertain parameters.5  

Three alternative sampling strategies rather than the one with the samples of all 

the uncertain parameters, are presented in this study:  1) the set of uncertain parameters 

determining pollution control costs, 2) the set of pollution loading and transport 

parameter, and 3) the pair of parameters in the damage cost function that determine 

benefits of a given load reductions. 

Samples varying in size from 20 to 7,0006 are randomly generated for the above 

alternative sampling plans.  This sample data is combined with the corresponding priors 

by the Bayesian inference to derive the EVSI of each sample size. 

 

IV. Results 

 The computed values of EVSI for four information structures are presented in 

Table 2 and Figure 2.  The entries are simply the difference in expected social net 

benefits between the given information structure and the baseline information structure.  

Additional information collection improves the EVSI for all information structures.  For 

instance, the EVSI increases from $0.769 million for a sample of 20 to $3.16 million for 

a sample of 7,000 in the case of sampling of all parameter information.  As shown in 

Table 2 and Figure 2, there are extensive increases in EVSI as the sample size is 

increased for a domain of small sample sizes.  This implies that a small investment in 

research in can have a large payoff increasing the efficiency of water quality protection 

                                                 
5 The derived EVSI from such particular study design is referred to “partial EVSI” (Brennan and Kharroubi, 
2005). 
6When sample of all the eleven uncertain parameters is simultaneously collected, estimates of EVSI are 
found to be invariant with respect to the sample sizes in the simulation over the sample size 7,000. 
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for a small scale research.  Such gains are diminishing as research design reaches a 

certain level of sample size (around 1,000).  This result is, of course, contingent on the 

quality of the prior information, assumptions about functional forms, and assumptions 

about the posterior distributions of the unknown parameters.  In this study, a sample of 

7,000 essentially eliminates uncertainty about the parameters considered.  We note that 

EVSI is an upper bound on what should be spent on data collection: it does not take into 

account the costs of data collection.  On the other hand, our EVSI is also a lower bound 

on the value of the information, because it does not include spillovers of this information.  

For instance, since nitrogen loadings from the Conestoga watershed are spilled over so 

many places beyond the Chesapeake Bay, EVSI would be underestimated in this study 

where the economic damage of nitrogen loadings is confined only to the Bay.    

The improvement of EVSI also depends on the type of information collected.  

Sample collection of all the eleven uncertain parameters improves the EVSI at the highest 

level.  Meanwhile, the value of obtaining additive information of the parameters of 

control cost turns out to be greater than those of obtaining better information of ‘load and 

transport’ or ‘damage cost’, but it is small in comparison to obtaining information of all 

uncertain parameters.    

The additional important finding is that there are positive correlations among 

values of information of sampling strategies.  As shown in Table 3, the differences in 

EVSI between information structure of all uncertain parameters and a sum of alternative 

three sample strategies are positive for all the sample sizes.  These results imply that there 

are some interactions effects on the improvement of EVSI among three separate 

strategies.  
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The existence of such correlations among three strategies may suggest that 

research design on sampling strategies should be organized to aggregate information of 

all the possible uncertain parameters across ‘control cost’, ‘loading and transport of 

nutrients’, and ‘damage cost of pollution’, rather than to concentrate on specific study on 

the particular parameters.   

It should be noted that these findings cannot be generally applied to the water 

quality management of other regional agricultural watersheds in the U.S.  Given various 

regional characteristics of economic, biophysical and other attributes, the findings of this 

case study are contingent on the empirical model which is calibrated reflecting the 

specific characteristics of the Conestoga watershed.    

 

V. Conclusions 

 This paper examines the expected value of sample information for alternative 

types of information for controlling water pollution from agriculture in the Conestoga 

watershed, and the gains from more intensive sampling (Table 2 and Figure 2).  The 

results show that EVSI is increasing but at a diminishing rate as the sample size increases.  

The analysis also shows that information on control cost has the greatest impact on EVSI 

among alternative types of information.   

 Another important finding of the analysis is that the expected value of sampling 

strategy involving data collection of all uncertain parameters is greater than sum of 

expected values of three alternative sampling plans.  This suggests that data collected 

about one particular study design on a subset of uncertain parameters may also provide 

some evidence about another subset of uncertain parameters.  It is therefore important to 
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implement such correlations between values of alternative sample information into the 

systemic sampling design.   
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Figure 1. The Conestoga Watershed within the Chesapeake Bay Drainage 

 

Figure 2.  Social Net Benefits of Sample Information (Million Dollars)  
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Figure 3.  Flow Chart of Simulation for Sample Information Analysis 
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Table 1. Parameter Distributions 
 

1.1. Economic Model for Agricultural Nonpoint Sources 
 

Parameters Notation Mean Variance Sources 
Production function parameter B 0.6243 NA The value is derived from the baseline information 
Land cost share SL 0.1561 NA USDA(2000) 
Fertilizer cost share SN 0.2561 NA USDA(2000) 
Elasticity of substitution 
between land and fertilizer 

σ 1.25 0.025 Binswanger (1974); Chambers and Vasavada (1983); 
Fernandez-Cornejo (1992); Hertel (1989); Kawagoe et al 
(1985); Ray (1982); Thirtle (1985) 

Utilization rate u 0.7 0.0033 Keeney (1982); Peterson and Frye (1989); NRC(1993) 
Elasticity of substitution 
between inorganic fertilizer and 
manure 

σN 2.355 0.4921 Bilgic et al (2002) 

Nitrogen application parameter δ 0.1208 NA The value is derived from the baseline information 
Loss rate of nitrogen per unit of 
manure 

1-r 0.47 0.046875 MWPS (2001) 

Nitrogen excretion rate per cow v 120 (KgN) 300 (KgN) Verite and Delaby (2000) 
Elasticity of land supply η 0.3 0.0075 Chavas and Holt (1990); Holt (1990); Lee and 

Helmberger (1985); Tegene et al (1988) 
Land supply function parameter s 43603 ---- The value is derived from the baseline information 
Measure of returns to scale of 
milk production 

Z 0.7353 2.43×10-4 PEB MSC Service (2005) 
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1.2. Nitrogen Loading and Transport 
 

Parameters Notation Mean Variance Sources/Justification for values 
Transport coefficient for the 

Conestoga Watershed 
Ө 0.73 0.11 Smith et al (1997) 

Load regression coefficient 1 w1 3.2345×10-9 NA Abler et al (2002) 
Load regression coefficient 2 w2 8.8673×10-17 NA Abler et al (2002) 

Constant scale factor of 
nitrogen concentration in runoff 

φ  148,953.99 NA Abler et al (2002) 

Precipitation Pr 41.48 (inches) 66.247 
(inches) 

Based on the time series data of the Lancaster County, PA 
(NCDC) 

 
1.3. Economic Damages from Pollution 

 
Parameters Notation Mean Variance Sources/Justification for values 

Damage exponent q 2 0.1089 
Damage coefficient ρ 0.0202 1.3209×10-4 

Calibrated in the range of load reduction targets set by the 
Chesapeake Bay Agreement (2000) 
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Table 2.   Expected Value of Sample Information (EVSI) for Sample Size m  
      (Million Dollars)  
 

Sample Size All Information Control Cost (a)  Load&Transport (b)  Damage Cost (c) 
20 0.769 0.408 0.0791 0.1575 
30 1.308 0.527 0.0832 0.1618 
40 1.493 0.809 0.097 0.1628 
50 1.582 1.044 0.0998 0.1632 
90 2.399 1.984 0.1026 0.1637 

100 2.447 2.0717 0.1093 0.164 
200 2.504 2.109 0.1226 0.1642 
700 2.534 2.115 0.1282 0.1644 
1000 2.611 2.173 0.1302 0.1645 
1200 2.654 2.19 0.1313 0.1646 
1500 2.81 2.217 0.1331 0.1646 
2000 2.868 2.229 0.134 0.1646 
3000 3.028 2.322 0.1345 0.1646 
5000 3.155 2.393 0.135 0.1647 
7000 3.16 2.425 0.1362 0.1647 

 
 
Table 3.   Interactions among Three Sampling Strategies (Million Dollars)  
 

Sample Size All Information 
Sum of EVSI of Three Sampling 

Strategies (a+b+c) 
Interactions among Three 

Sampling Strategies 
20 0.769 0.6446 0.1244 
30 1.308 0.772 0.536 
40 1.493 1.0688 0.4242 
50 1.582 1.307 0.275 
90 2.399 2.2503 0.1487 

100 2.447 2.345 0.102 
200 2.504 2.3958 0.1082 
700 2.534 2.4076 0.1264 
1000 2.611 2.4677 0.1433 
1200 2.654 2.4859 0.1681 
1500 2.81 2.5147 0.2953 
2000 2.868 2.5276 0.3404 
3000 3.028 2.6211 0.4069 
5000 3.155 2.6927 0.4623 
7000 3.16 2.7259 0.4341 
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