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ABSTRACT 

 

Locally-grown produce has an appeal that draws many to roadside stands each summer.  In 

addition to freshness the “homegrown”  appeal can also be attributed to a consumer’s home-bias, a 

desire to support local business, preserve a pastoral way of life, or even participate in a food system 

which uses less energy in its supply chain and supports a regional economy which is not entirely 

dependent on trade for necessities.  Differentiating produce with a local label could potentially allow 

small farms to capture a greater share of consumers© food budgets through a price premium.  This 

study uses payment card methods and conjoint analysis to estimate the level the price premium for 

locally-grown produce.  Moreover, it decomposes the local cue into levels of distance—state and 

regional—as well as the appeal--freshness and home-bias.  Willingness to pay estimates show that 

consumers are willing to pay a range from $0.30 to more than a dollar for produce with a local cue. 

Price premiums do not vary for distance at the sub-state level, indicating that “Ohio-grown” and 

“ locally-grown” are of equal value.  Both freshness and home-bias garner premiums as distinct 

sources of local appeal, with freshness having the highest premium.  
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CHAPTER 1 

Introduction 

 

1.1 Background 

Locally-grown produce has an appeal that draws many to roadside stands each 

summer.  Of course, freshness and taste are obvious reasons for the attraction, but the 

story does not end there. The “homegrown” appeal is at times referred to as home-bias 

and attributed to ethnocentrism, or perhaps less pejoratively stated, “hometown pride”  

(Scarpa 2005). Home-bias can refer to local consumption as a means to support local 

business. Alternatively, home-bias may be interpreted as an attempt to preserve a certain 

way of life, a countryside without large mono-crop cultivation and urban sprawl.  Using 

the words of an Ohio farm-preservation initiative, the countryside is “…an image of 

humans working in harmony with one another and with nature. It conjures up a sense of 

tended, care for, valued nature. It offers a powerful and appealing vision of what farming 

could and should be like…” (National Park Service, 2005, pg 3)  An even finer 

distinction outlines a social ideology around the concept of “sustainability,”  referring to a 

local food system which uses less energy in its supply chain and supports a regional 

economy which is not entirely dependent on trade for necessities. These ideologies reflect 

a concern for the vitality of rural communities and the role of small farms that 

accompanies the evolution of U.S. agriculture from a structure of many small farms to 

fewer and larger farms.  

1.2 Need for  this study 
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Marketing differentiated food products locally could potentially allow small farms 

to capture a greater share of consumers© food budgets, and for rural communities to 

generate more income.  Successful product differentiation requires more specialized 

knowledge of the characteristics valued by consumers and the appropriate methods to 

signal specific characteristics.  As such, clarifying and quantifying the appeal of locally-

grown produce provides valuable information to those interested in marketing.  Where 

other studies have clarified the concept of local into levels of distance, this study 

additionally attempts to decompose the type of quality communicated by the “ locally-

grown” signal. Moreover, where other studies have used qualitative methods to assess 

preferences, the quantitative methods used in this study offer pricing guidelines for both 

direct markets and retail grocery.   

1.3 Objective 

The objective of this study is to explore the potential for differentiation in fresh 

produce through estimation of willingness to pay (WTP) for selected characteristics.  

Specifically, this study relies on a customer-intercept survey and a choice experiment of 

food shoppers in a variety of direct markets and traditional grocery stores.  Payment card 

and conjoint analysis will be used to evaluate WTP for characteristics related to locally-

grown fresh strawberries. 
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1.4 Hypotheses 

The basic hypothesis presented in this study is that consumers are willing to pay a 

price premium for locally-grown produce. Socioeconomic variables such as income, age, 

and are expected to be significant determinants of the magnitude of the premium.  

Moreover, consumers can be grouped in terms of type of shopper (direct market or 

grocery), degree of concern for health and safety, and level of support for the local 

economy, and these groupings will be associated with significant differences in the 

premium paid. In addition, the varying degrees of local (county, state, national vs. 

unidentified) will be significant determinants of the premium.  A secondary hypothesis is 

that alternate signals communicate the same quality as “ locally-grown” and also garner 

premiums. The effectiveness of these signals in communicating quality can be compared 

by the varying premiums offered for them.  Moreover, the quality communicated by the 

“ locally-grown” signal can be distinguished as either freshness or some alternate 

explanation, the amorphous home-bias. We hypothesize that freshness does not explain 

all of the appeal of locally-grown signals and a price premium exists for signals that 

capture home-bias effectively.   
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CHAPTER 2 

Review of L iterature  

 

2.1 Choice Analysis and Food Marketing 

Choice analysis is used in a variety of ways to analyze consumer preferences of 

for food products. Conjoint methods in particular are useful for a variety of marketing 

functions: predicting value of innovations, pricing, advertising, and market segmentation.  

With origins in psychometrics, conjoint analysis was introduced to the field of marketing 

by Green and Rao (1971). Since then, it has become a popular tool among marketing 

research practitioners in industry as well as academics (Gustafsson, et. al 2000).  

Applied choice analysis can, for example, predict whether a consumer will accept 

a novel food product like pulsed-electric-field orange juice and how much they will pay 

(Tarakcioglu 2003). More frequent in the academic literature are studies related to food 

safety issues such as organic and genetically modified (GM) food. 

2.2 WTP for  Organic 

Studies of organic produce show positive WTP estimates (Wang and Sun 2003, 

Batte 2003).  The socioeconomic characteristics associated with positive WTP have 

proven elusive. Govindasamy and Italia (1999) showed that younger consumers, 

regardless of gender, paid higher premiums as well as females with higher annual 

incomes.  In addition, the probability of paying a premium goes down as the number of 
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individuals in the household rises.  Thompson and Kidwell (1998) show that families 

with children were more likely to buy organic produce than those without children, 

whereas Loureiro and Hine (2002) and Wang and Sun (2003) show the opposite. 

Moreover, Williams and Hammitt (2000, 2001) found few distinctions between organic 

and conventional fresh produce consumers. 

2.3 Acceptance of GMO 

Consumer acceptance and willingness to pay for genetically modified food has 

been studied with stated choices using contingent valuation (Ganiere 2004), experimental 

auctions (Huffman 2003) as well as observed choices (James 2005). Onyango (2004) 

used conjoint methods to show that WTP estimates for GM bananas were positive for 

“additional oxidants” , followed in magnitude by “ less pesticide-use”  and “ ripens longer.”   

The study showed negative WTP for the actual use of GM technology, indicating that 

consumers would need to be compensated to purchase a GM product.     

2.4 WTP for  Ideological Functions of Food 

In addition to food safety, positive WTP has been shown for ideological functions 

of food. Williams and Hammitt (2000, 2001) and Underhill and Figueroa (1996) show 

that WTP to pay for organic is related to its being more environmentally friendly and 

supportive of small-scale agriculture and local rural communities.  Choice experiments 

have found positive WTP for eco-labels on seafood, indicating sustainable fishery 

management, certified by an independent third party (Wessells et al.1999, Johnston et al. 

2001, and Teisl et al. 2002). Aquino and Falk (2001) and Hurley and Kliebenstein (1998) 

show that, respectively, 87.5% and 67% of respondents (self-selected environmentalists) 

agreed with the statement that they would pay a price premium for “wolf-friendly”  beef 
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or beef raised with production methods that improve water quality and animal welfare. 

Contingent valuation of eco-labels for fresh apples also showed a price premium of 

between $0.10 and $0.50 (Loureiro and McCluskey 2002).  

2.5 Or igin Labeling 

 Whether for safety, quality or an origin-based ideology, country of origin 

(CoOL) and region of origin (ROO) labeling have been shown to garner price premiums. 

In an experimental auction, Umberger (2003) showed that the majority of consumers 

(69%) had positive WTP estimates for CoOL certified beef. However, in a related study, 

Louriero and Umberger (2004) use conjoint analysis to estimate WTP for CoOL vs. other 

safety labels on beef. They also show that age and gender (female=1) are significant 

determininants of WTP for food safety, while income is significant for traceability. 

Mabiso (2005) used an auction experiment to show that the CoOL label garnered 

premiums for fresh produce.  In the case of apples, 79% paid a premium, $0.48 on 

average, and in the case of tomatoes, the figures were 72% and $0.49, respectively. 

On the regional level, both generic ROO labels and protected designation of 

origin (PDO) or protected geographical identification (PGI) labels garner premiums. 

Scarpa, et. al. (2005) use conjoint analysis to show WTP for the PDO label on olive oil as 

well as a CoOL label on oranges and table grapes. In the case of table grapes, they found 

WTP for these attributes have about the same impact on preferences as color and 

ripeness. The CoOL label on oranges had nearly four times the impact than that of 

firmness and absence of imperfections. Loureiro and McCluskey (2000) cite cultural 

identification as well as perceived quality to account for premiums found using a hedonic 

model on PGI Galecian veal.  Van der Lans et. al. (2001) isolates two reasons for WTP 
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for ROO on olive oil: the direct effect (i.e. cultural identification) and its indirect effect 

through perceived quality. Using conjoint techniques, the study shows that, while PDO 

labels only have the indirect effect, ROO labels have the additional direct effect, 

especially for consumers from the same region. 

2.6 Locally-grown Labeling 

Van der Lans et. al. (2001) discovery is an alternate way of estimating WTP for 

local foods. Moreover, it is a WTP estimate for a value of local that is not related to 

perceived quality or freshness.  Buchardi et. al (2005) uses contingent valuation to 

estimate WTP for milk from the consumer’s own region. The study found that 

“consumers perceive fresh milk from local farmers as a trustful, high quality product, and 

that consumers are interested in supporting local producers”  (pg. 2). However, in two 

separate experiments, one that is incentive compatible and the other purely hypothetical, 

WTP estimates are significantly different, indicating a hypothetical bias. 

In a study of an agricultural commodity that more closely parallels berries, 

Campbell et. al. (2004) used conjoint analysis to estimate part worth values for Satsuma 

Mandarins, including both  physical attributes and own-region and organic cues. Whereas 

the purpose of our study is to compare the relative magnitude of WTP of  a variety of 

cues that communicate similar underlying services, Campbell compares the relative 

importance of a comprehensive set of attributes. The identification of attributes and levels 

was based on consultation with horticulture experts, food distributors and Satsuma 

producers. Seven attributes were selected: price, skin color, size, blemishes, seeds, 

regional label and organic certification.  The regional label was a binary variable, in-state 

and a U.S. control. A fractional factorial design produced 20 profiles, which were 
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displayed pictorially to respondents intercepted at supermarkets. Each consumer 

evaluated all 20 profiles on a 7-point rating scale from definitely WOULD buy to 

definitely would NOT buy. An OLS model estimated preference coefficients which 

measure the relative importance of the attributes.  Results show the location attribute is 

the least important of this set, with “seedless”  being the highest (22.7%) followed by 

price (16.6%), with organic (7.5%) ahead of location (6.9%). 

The study also provides elaborate demographic information on preferences 

through cluster analysis.  Segments were created based on the significant differences 

between relative importance of price, seeds and blemishes. The relative importance of 

location also differed significantly among these subgroups. Results showed that for the 

segment whose highest priority was “seedless,”  location was more important than both 

organic and price. The segment whose highest priority was “ free of blemish”  actually 

preferred fruit that wasn’ t grown in-state. The segment that placed a higher priority on 

location included higher percentage of white respondents. In addition, 40.5% of the 

respondents fell into this segment.     

Brown (2003) found that in response to the question, “Would you pay a price that 

was lower, the same, or higher for products labeled ‘ locally grown’  versus unlabeled 

products of the same quality?,”  58% said the same, 16% said they would pay more than a 

five percent premium, 5% would pay a ten percent premium.  One percent of respondents 

said they would pay a 25% premium. Significant socioeconomic characteristics were 

gender (females were more likely to be willing to pay a higher price). Survey respondents 

with annual household income of $50,000 or more, or those with graduate or professional 

degrees were more likely to pay a higher price for local food. Consumers who indicated 
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that freshness and quality were most important were almost as likely to choose local as 

those who indicated that production method and location were most important. 
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CHAPTER 3 

Conceptual Model 

 

3.1 WTP in Classical Utility Theory 

Willingness-to-pay measurements are grounded in utility theory. Hanemann 

(1991) outlines the theoretical underpinnings as a utility maximization problem subject to 

a budget constraint. The consumer chooses the level of the good X that maximizes utility, 

producing the traditional Marshallian demand curve X(p, y, q), where p is market price, y 

is income and q, is the quality of the good, fixed exogenously. The resulting indirect 

utility function is V(p, y, q). Identifying a change in a good’s quality from q0 to q1, the 

measurement of value is  

V(p, y-WTP, q1) = V(p, y, q0).      (3.1) 

where WTP is the amount the consumer would be willing to pay for the improved 

quality, maintaining constant utility. 

The estimate is shown more directly using the dual problem: expenditure 

minimization constrained by a given utility level (Lusk 2004). The dual produces the 

Hicksian demand curve X(p, U, q) and indirect expenditure function M(p, U, q) so that  

WTP = M(p, U, q0) - M(p, U, q1).     (3.2) 

where U is a constant utility level.  
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3.2 Random Utility Model 

The random utility model (RUM) is used to analyze choices and estimate WTP. 

When respondents are asked to make a choice of whether or not to pay a given dollar 

amount, a positive response is interpreted as their WTP. In order to find the central 

tendency of WTP from a sample, the positive responses are fitted to a probability 

function. This is modeled as the probability that the utility derived from the good 

associated with that choice is greater than the alternative,  

 P[(V1 + � 1) > (V0 + � 0)]       (3.3) 

or        P[(� 1 – � 0) < (V1 – V0)]       (3.4) 

where V is the indirect utility and �  is the error term. 

Estimates of WTP are based on the mid-point of this function, i.e. the point at 

which the probability of a positive response is .5.  The most basic version of this model 

includes only the socioeconomic attributes of respondents as variables. 

P[{ � 1(s) - � 2(s)}  < (V1(s)- V2(s)} ]      (3.5) 

This is the model used in contingent valuation choice analysis. Conjoint analysis 

offers a more sophisticated alternative that allows the quality of a good to be 

decomposed. 

3.3 Lancastr ian Utility Theory 

Lancaster (1966) builds the conceptual framework for conjoint analysis by 

clarifying that utility is gained from the characteristics of a good rather than the good 

itself. Characteristics are objective qualities of a good while attributes, on the other hand, 

are what the characteristics represent, and are the real source of an individual’s utility. 
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For example, characteristics of fresh strawberries may include color, size, absence of 

blemishes and type of packaging. These characteristics represent attributes, such as taste, 

convenience, and nutrition. Lancaster maintained that utility should be a function of 

characteristics rather than attributes as the former are measurable, so that, 

u = U(t1,  t2, t3)        (3.6) 

t = BX          (3.7) 

where t represents the characteristics of a good X, based on the consumption technology 

matrix B (i.e. the amounts of each characteristic which are predetermined in each good).   

Louviere, Hensher and Swait (2000) further refine these distinctions making 

utility a function of consumption services. Each characteristic of a good is associated 

with a consumption service which it provides.  Moreover, they suggest that utility 

maximization is based on expected services of a good because consumers do not have 

complete information. In practice, the model forces a one-to-one correlation between 

services and characteristics. However, these theoretical distinctions are helpful in 

conceptualizing characteristics as signals that communicate value. Analysts can then 

examine which signals most effectively communicate the service that ultimately provides 

utility.  

3.4 Conjoint RUM 

Conjoint analysis proceeds with a good that is decomposed according to 

Lancastrian theory and measures its part-worth values.  It uses a more sophisticated RUM 

to estimate the probability that utility of the i th individual derived from the j th alternative 

is greater than other alternatives in the set, 

Probij = P[(Vij + � ij) > (Via + � ia ;a =1,2,…J, a �  j)]    (3.8) 
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    or   P[(� ij – � ia) < (Vij – Via)]      (3.9)  

where Vij denotes the individual’s indirect utility from choosing product j and � ij is an 

error term. 

Building on this foundation, we add product attributes, the basic components of 

an individual’s indirect utility or preference function. When an attribute has more than 

one level, as with the variable indicating the location of production, there are three ways 

to model utility: part-worth utility, ideal vector or ideal point. A preference function 

which relates the level of each attribute to utility as independent dummy variables is 

known as a part worth utility model. As such, it imposes no structure of continuity on the 

relationship of levels to utility. In contrast, metric scales are given to attribute levels in 

the case of an ideal vector (linear) or ideal point (parametric) preference function, based 

on assumptions made beforehand (Gustafsson 2000).  

In our study, the levels of locality were not conducive to a metric scale, so we 

chose to use of the part worth utility model. In addition, the other two attributes (farm 

size and freshness) were originally conceptualized as dummy variables.  Only with the 

price variable, which lends itself readily to a metric scale, do we assume a continuous 

negative relationship, so that 

  ijjjij pxV epb ++=       (3.10) 

where Vij denotes the individual’s indirect utility from choosing product j;  xj  is a vector 

of product attribute level j’s; pj is price for product j; �  is a conformable vector of 

coefficients and  �  is a conformable coefficient to be estimated; and � ij is an error term. 
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This simple additive linear function produces the main effects of our model.  

These effects indicate how utility is affected by the level of the attribute when it is 

isolated from all other attributes.  Higher order effects indicate whether utility is also 

affected when two attributes are presented in tandem (Louviere, et al 2000). We 

incorporate combinations of attributes by interacting product attribute levels, so that,  

ijijjjij cpxV ecpb +++=       (3.11) 

where cij is a vector of combination effects from product attribute level i©s interacted with 

product attribute level j©s; and  �  is a conformable vector of coefficients to be estimated.  

The final dimension to our model is that of preference variation among the 

population. In order to account for different preferences among various sub-populations 

we incorporate socioeconomic characteristics through interaction terms with the attribute 

level variables, so that,  

ijijjjijij cpxsV ecpba ++++= ,    (3.12) 

where sij is a vector of socioeconomic variables i’s interacted with product attribute level 

j’s; and �  is a conformable vector of coefficients to be estimated.  

Now that we have the utility function defined, we can model the choice as the 

relative differences in utility. The difference between product A and product B is, 

AB
i
AB cpxsdV ecpba +D+D+D+D=    (3.13) 

where dVi 
AB = the utility difference between product A product B; � s = si * (xj

A - xj
B); � x 

= (xj
A - xj

B); � p = (pj
A – pi

B); � c = (xj
A – xi

A)* (xj
B – xi

B); and � i
AB = (ei

A- ei
B) a normally 

distributed error term. 
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CHAPTER 4 

Descr iption of Data and Survey Results 

 

4.1 Sample overview 

The entire sample includes 530 respondents, 267 from direct markets and 263 

from grocery stores (Table 3.1).  Farmers’  markets refer to open-air markets with 

multiple stalls representing a variety of farm and/or marketing operations. Farm markets 

refer to either indoor or outdoor venues where a one farm operation is selling goods. 

Rural refers to areas that are outside a commuting distance of a major urban center.  

Metropolitan area refers to locations that are just beyond the suburban rim of an urban 

center, but still within commuting distance. Suburban and urban are subjectively defined, 

based on distance from the city center and other zoning considerations.  

Of those observations collected at direct markets, roughly 50% were collected at 

locations that are considered rural, while those of grocery stores are 30% rural. 

Respondents are the number of people intercepted at each location and store type while 

observations refer to the total number of conjoint experiments completed (respondent 

times eight). This gives us a total sample size of 4240 observations. 
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Table 4.1 No. of respondents and observations by intercept location 
Direct Markets     
 Farmer's Markets Respondents Observations 
 Columbus (urban) 32 256 
 Athen's (rural)  24 192 
 Wooster (rural) 30 240 
 Lancaster (rural)  42 336 
 Farm Markets     
 Columbus (metropolitan area) 30 240 
 Columbus (metro)  23 184 
 Columbus (metro)  10 80 
 Columbus (metro) 20 160 
 Columbus (metro) 22 176 
 Trenton (rural)  34 272 
  Sub-Total 267 2136 
Grocery Stores     
 Grocery (rural) 21 168 
 Grocery (rural) 59 472 
 Grocery (urban) 34 272 
 Grocery (urban) 44 352 
 Grocery (suburban) 30 240 
 Grocery (suburban) 33 264 
 Grocery (suburban) 42 336 
 Sub-Total 263 2104 
 Total 530 4240 

 

Table 4.1 Number of respondents and observations by intercept location 

 

4.2 Sub-sample composition 

The sample is divided into two sub-populations, those intercepted at grocery 

stores and those at direct markets, i.e. farm or farmers’  markets. Table 3.2 presents the 

sub-samples. ANOVA statistical tests show that the samples are significantly different in 

a number of demographic and behavioral characteristics. The mean income and 

expenditures for general food purchases was significantly higher for customers at grocery 

stores than at direct markets. Interestingly, only overall food purchases among grocery 



 17 

store shopper was higher, whereas expenditures on produce was about equal, indicating 

that direct market shoppers spend a larger percent of their total food budget on produce.  

Other significant sub-sample variation included more grocery customers being 

female and the primary shoppers for their household. Also, more direct market consumers 

were vegetarian and grew vegetables themselves. Finally, a higher percentage of 

ethnically-white consumers were intercepted at grocery stores.    

The difference between the percentage of metropolitan residents is worth a closer 

look (Table 3.2). With 50% of the direct market locations being rural, 45% percent of the 

shoppers were rural residents. For grocery store locations these figures are 30% rural 

locations and 33% rural residents. Our data does not suggest that more rural residents 

shop at direct markets, simply that data were collected at more rural direct market 

locations than rural grocery stores.  



 18 

 

Table 4.2  Consumer sample demographic and economic variables   
Variable Mean or Percent  
  Full Sample Direct Grocery   
Number of respondents 530 267 263  
Mean income $81,890.50 $75,767.63 $87,962.96 *** 
Household weekly expenditure for food $101.27 $96.38 $106.16 *** 
Household weekly expenditure for produce $27.94 $28.20 $27.67  
Mean age of respondent (years) 49.49 49.17 49.80  
Gender - Percent female 71.98% 69.35% 74.70% *** 
Percent who are primary food shopper 87.20% 85.00% 89.53% *** 
Number in household: 2.63 2.57 2.69 ** 
Percent households with children 33.40% 34.24% 32.53%  
Percent vegetarian or vegan 6.27% 7.36% 5.16% *** 
Percent who grow a vegetable garden 53.92% 57.53% 50.20% *** 
Percent with post-high school education 78.14% 78.93% 77.34%  
Percent white 92.14% 89.84% 94.47% *** 
Percent metropolitan 61.06% 55.08% 67.06% *** 
Percent U.S. citizens 95.28% 94.88% 95.69%   
*** significant at the .01, ** at .05 and * at .10 probability levels. 

 

Table 4.2  Consumer sample demographic and economic variables 

 

4.3 Population Representation 

Decomposing the income variable into seven categorical ranges allows us to look 

at the distribution of the sample rather than just the central tendency (Table 3.3). For the 

full sample, about 10% of the sample fall into the lowest income category and 10% fall 

into the top two categories. In contrast, the distribution for the state of Ohio, based on 

2002 census data, 26% are in the lowest category and only 3% in the top two categories.  

The direct market sub-sample distribution is skewed right, with about half in the 

second and third levels and one third in the fourth and fifth. The difference between the 

sub-sample distributions lies in the two highest categories, which consists of about 7% 
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more grocery store customers. The direct market sample has around 8% more in the third 

and fourth levels.  

 

Table 4.3 Percent of respondents by income category 
 Full Direct Grocery Ohio* 

Less than $25,000 10.33 11.2 9.47 26.21 
25,000 - 49,999 24.17 23.24 25.1 19.58 
50,000 - 74,999 23.14 25.31 20.99 11.11 
75,000 - 99,999 16.53 18.26 14.81 8.85 

100,000 - 149,999 16.53 16.18 16.87 12.49 
150,000 - 174,999 3.31 1.66 4.94 
More than 175,000 5.99 4.15 7.82 

3.10 

*2002 U.S. Census     

 

Table 4.3 Percent of respondents by income category 

 

A closer look at race reveals that the difference in percentage of white 

respondents results from the higher frequency of Black/African American and Asian 

responses for the direct market group versus the Grocery group (Table 3.4). 
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Table 4.4 Percent of respondents by race 
 Full Direct Grocery Ohio* 

  Black or African American 3.73 4.69 2.77 11.50 
  American Indian or Alaska native 0.79 0.78 0.79 .20 

  Asian or Asian American 2.36 3.52 1.19 1.20 
  Hispanic / Latino 0.59 0.39 0.79 1.90 

  White 92.14 89.84 94.47 86.10 
Mixed 0.39 0.78 0.00 1.40 

*2002 U.S. Census     

 

     Table 4.4 Percent of respondents by race 



 21 

 

 

 

CHAPTER 5 

 Survey Results 

 

5.1 Purchasing Behavior  

Respondents were asked to identify their reasons for purchasing locally grown 

foods from a list. The list included “ freshness,”  “ taste,”  “nutrition,”  “safety,”  “support 

regional economy,”  “support local business,”  and “direction connection with source of 

food.” 1 They were also asked to rank their top three choices from among this list. Table 

5.1 reports the overall percentage of respondents who identified a reason as any of the top 

three choices. It also reports the figure for the direct market customers as a sub-sample 

distinct from grocery store customers. Freshness was the most frequently cited among 

both groups, though more so for the grocery store customers. Less than 10% of the 

respondents did not cite freshness. Supporting local business was the next most 

frequently cited reason in both groups, though 20% less often than freshness. Taste also 

ranked high with 62%, though the statistic was much higher for direct market customers. 

Another substantial difference between the sub-groups was for the reason “support the 

regional economy”  with grocery respondents citing it more frequently. Other reasons 

garnered only a small percentage.  

                                                 
1 See Appendix B for a complete version of the survey. 
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Table 5.1 Primary reasons to purchase locally grown foods     

 Total percent citing 
  Full Direct Grocery 

Freshness 91.34 89.01 93.8 
Support local businesses 70.96 70.38 71.56 

Taste 62.70 69.49 55.46 
For direct connection with source of food 20.73 22.81 18.57 

Nutrition 21.54 21.65 21.44 
Support regional economy 20.77 16.63 25.18 

Safety 11.94 10.03 13.99 
 

Table 5.1 Primary reasons to purchase locally grown foods 

 

Table 5.2 breaks the question down into which ranking, first, second or third most 

important, the respondent cited it. In the “most important”  category, freshness retains its 

foremost status whereas taste and local support switch places from the former table. 

However, local support substantially outweighs taste in the third most important 

category, which accounts for its secondary status in the former table. 
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Table 5.2 Breakdown of reasons to purchase locally grown foods 

  Most important 2nd most important 3rd most important 

  Full Direct Grocery Full Direct Grocery Full Direct  Grocery 
Freshness 57.79 55.77 59.92 24.15 22.39 26.03 9.40 10.85 7.85 
Taste 16.17 16.54 15.79 34.13 39.38 28.51 12.40 13.57 11.16 
Support local businesses 13.61 11.15 16.19 22.75 20.08 25.62 34.60 39.15 29.75 
For direct connection with source of food 3.94 6.15 1.62 3.19 3.09 3.31 13.60 13.57 13.64 
Nutrition 3.55 5.00 2.02 6.99 6.18 7.85 11.00 10.47 11.57 
Safety 3.55 4.23 2.83 3.39 3.09 3.72 5.00 2.71 7.44 
Support regional economy 1.38 1.15 1.62 5.39 5.79 4.96 14.00 9.69 18.60 

      Table 5.2 Breakdown of reasons to purchase locally grown foods 
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Respondents were also asked about their reasons for making general food purchases, ranking each reason as “very 

important,”  “ important,”  “somewhat important,”  and “not important,”  where the coding ranges from one to four, 

with four being the highest degree of importance. The ratings are reported in Table 5.3. The top ranked choice was 

taste/quality (3.54), which was not based on labels but on past experience. Price was also an important factor (2.9), 

followed by ease of preparation (2.62). The rankings were consistent across the sub-sample groups of the store type, 

high and low income, above and below mean age, and post high school education. Though the order was consistent, 

there were differences in the degree of importance between these groups on most items. For each of age and store 

type, all but one item (ease of preparation and price, respectively) was significantly different at the 10% level at 

least. Income and education showed significantly different results on all but three characteristics.  

Health and nutrition played important roles after taste, price and ease of preparation, shown by the following 

cluster of low trans-fat (2.52), low-cholesterol (2.35), low-fat (2.23), low-sodium, (2.22). Foods labeled as natural 

(2.18) ranked alongside brand and ahead of convenience of packaging (2.10), while organic fell behind those two. 

In fact, organic was the second lowest (2.02) ranked in importance in the overall sample. It fared better among the 

low income and direct market group (2.14).
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Table 5.3  Characteristics rated as important in food purchase decisions.a   

  Total Store Type   Income Level Age Education Level 

  Means Direct Grocery < 50,000 > 50,000 < 45 > 45 

High 
School 
or less 

Post 
High 

School  
Taste/quality (from past 
experience) 3.54 3.57* 3.52 3.48 3.59 3.61 3.52 3.4 3.58 
Price 2.9 2.91 2.88 3.06 2.82 2.99 2.85 2.95 2.9 
Ease of preparation 2.62 2.5 2.74 2.65 2.63 2.61 2.64 2.72 2.61 
Low trans-fats 2.52 2.48 2.57 2.46 2.52 2.28 2.64 2.24 2.6 
Low-cholesterol 2.35 2.27 2.44 2.4 2.3 2.05 2.49 2.27 2.38 
Low-fat 2.23 2.12 2.34 2.26 2.21 2.02 2.34 2.18 2.24 
Low-sodium 2.22 2.11 2.34 2.26 2.18 1.91 2.4 2.21 2.24 
Labeled as natural 2.18 2.23 2.13 2.34 2.09 2.32 2.1 2.26 2.16 
Brand 2.18 2.14 2.22 2.12 2.16 1.96 2.28 2.21 2.17 
Convenience of packaging 2.1 2.04 2.18 2.16 2.07 1.98 2.17 2.26 2.07 
Low calorie 2.08 1.96 2.2 2.08 2.08 1.98 2.14 2.05 2.09 
Labeled as organic 2.02 2.14 1.9 2.14 1.95 2.1 1.98 1.92 2.05 

Labeled as Heart-Smart 1.96 1.92 2 2.11 1.87 1.76 2.06 2.11 1.92 

a The question read "In general, when you purchase food of any type at the grocery store, how would you rate the importance of the 
following characteristics in your decision? ". 
Not important=1, Somewhat Important=2, Important=3, very important=4      
* Bold indicates significant at least at the .05 level 
 
Table 5.3  Characteristics rated as important in food purchase decisions     
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5.2 Attitudes 

In addition to purchasing behavior, respondents’  attitudes about food were elicited by giving a series of statements and 

asking how strongly they agreed or disagreed. Coding assigns each of these statements a range of one to five, with five 

being the highest degree of agreement. These questions mainly attempt to elicit attitudes about the safety of food, and 

secondarily the value of fresh produce as nutrition and the general perception of direct markets. 

Table 5.4 displays the results. The statement with the highest level of agreement was that eating fresh produce 

reduces the risk of heart disease and cancer (4.35). This was significantly different at the 1% level for the income, age and, 

most markedly, with the education sub-samples. The risk posed by pesticides followed with a degree of 4.02, significantly 

different among the store type and income groups. The importance of the appearance of produce was markedly different 

between the direct (3.59) and grocery store (4.02) customers.  

The statements about safety tended to stay close to the undecided level indicated by a response level of three, 

though these figures show substantial differences among the direct and grocery customers. The direct customers tend to be 

more in agreement with the statements that “ food is not as safe as it was 10 years ago,”  “ food purchased directly from 

farmers is safer than from grocery stores,”  while grocery customers were more in agreement with “ the foods available at 

my local grocery are safe.”  Though this result indicates a strong degree of concern for the safety of produce, it does not 

translate into high rankings for safety in terms of reasons for purchasing locally. 
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Table 5.4  Consumer attitudes to statements regarding food health, safety and cost.a   

  
Full 
Sample Store Type  Income Age Education 

    Direct Grocery < 50K > 50K < 45 > 45 HS Post HS 
Eating fresh produce (fruit and 
vegetables) reduces the risk of 
cancer and heart disease 4.35 4.33 4.37 4.26 4.38 4.32 4.38 4.17 4.4 
Pesticides pose a health threat to 
consumers of fruits and vegetables 4.03 4.11* 3.94 4.16 4.04 4.04 4.01 4.08 4.02 
It is important that fruits and 
vegetables are attractive and free of 
blemishes 3.8 3.59 4.02 3.88 3.89 3.61 3.86 3.94 3.76 
The foods available at my local 
grocery are safe 3.4 3.16 3.63 3.35 3.41 3.4 3.38 3.42 3.39 
Food purchased directly from 
farmers is safer than from grocery 
stores 3.2 3.43 2.96 3.31 3.11 3.36 3.14 3.36 3.16 
Food is not as safe as it was 10 
years ago 3.07 3.21 2.93 3.33 3.05 3.11 3.06 3.30 3.00 
a Responses are scored as Strongly disagree=1, Disagree=2 Undecided=3, Agree=4, Strongly Agree=5   
* significant at 1% in bold     
 
Table 5.4  Consumer attitudes to statements regarding food health, safety and cost.  
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5.3.1 Payment Card Model 

In addition to the conjoint method of estimating WTP, this study also uses a 

payment card approach. The content is similar to the conjoint analysis in that it 

looked at product attributes related to production. However, the payment card 

approach covered a broader range of cues, including organic, pesticide free, and 

“Ohio Proud,”  the Department of Agriculture’s promotional program, as well as the 

“ locally grown” and “grown on a family farm.”  

While our primary focus is to estimate WTP for the production location cue, 

it is important to put these estimates in context with comparable cues. The magnitude 

of estimates for a range of cues will reveal the relative importance of the locally-

grown cue among other alternatives. Because the conjoint experiment was limited to 

cues associated with local production, the payment-card method was used to provide 

a supplementary analysis to contextualize our results.  

Organic and pesticide-free cues were included because they are well-known 

attributes associated with production methods. They are similar in that they appeal to 

a conscientious consumer who is concerned not just with the end product, its 

appearance, nutritional content, etc., but the way it was produced. In addition, to a 

certain extent, organic produce has an ideological appeal comparable in some ways 

to that of a small-scale local farm. However, each are distinct in the services they 

offer: organic has a broader range of interpretation than pesticide free, while both 

have a more health-oriented appeal than local. Again, local and family farm 

production are both included as a way of creating a distinction between the 

ideological appeal and the more direct services of freshness, taste, etc. Finally Ohio 
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Proud is a comparable cue to local in its regional nature, but it offers a formal 

monitoring process and thus, a distinct service.  

Consumers were presented with the purchase of a hypothetical fresh 

strawberry product. Specifically, they were asked: Assuming strawberries are priced 

at $3.00 per one-quart carton at your local grocery store, how much more (if any) 

would you be willing to pay for each of the following characteristics?  Respondents 

were asked to indicate how much they would be willing to pay above an average 

price for each of the five attributes. The options were “none,”  and seven payment 

level ranges: 1-9, 10-24, 25-29, 50-74, 75-99, 100-149 and “more than 150”  cents 

per one-quart carton.  

5.3.2 Distr ibution of WTP 

 Before finding the WTP estimates from the payment card approach, it 

is worthwhile to note the distribution of responses within each price range. The 

locally-grown cue had the fewest responses that indicated no WTP (11.11%). The 

family farm option had the next fewest (15.96%), followed by pesticide free 

(19.07%). Both organic and Ohio Proud were almost even, each with close to one 

third of all respondents indicating that they would pay no premium. This result is 

interesting since these latter two cues are more established programs that would 

ostensibly carry more legitimacy as signals of quality. The highest percentage of 

responses for the local cue fell into the $0.10-.24 range, at 21.83%, likewise with 

family farm at 19.8%. Pesticide-free on the other hand, had more responses in the 

next lower category, $0.01-.09. However, pesticide-free outranked both local and 

family in the two highest categories of premiums, $1.00-1.50 and above a $1.50. The 
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distribution of responses is reported in Table 5.5. Apparently, while more people will 

pay premiums for local and family cues, those willing to pay for pesticide-free are 

willing to pay more. These conclusions can be verified with greater rigor using the 

interval-censored hurdle model in a following section. 
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Table 5.5. Response Distribution of WTP       

Attribute None $0.01-.09 .10-.24 .25-.49 
.50-
.74 

.75-

.99 
1.00-
1.50 >1.50 

 Response distribution (%) 
Pesticide free 19.07 17.04 16.63 15.62 11.36 5.07 8.32 6.9 
Organic 33.88 14.29 12.86 11.84 12.04 4.29 6.94 3.88 
Locally grown 11.11 17.06 21.83 15.48 17.06 5.75 6.94 4.76 
Grown on a family farm 15.96 13.94 19.80 17.58 15.56 5.45 7.68 4.04 
Displays the Ohio Proud symbol 34.84 19.06 15.57 10.66 10.25 3.28 3.69 2.66 

 
Table 5.5. Response Distribution of WTP
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 The store type at which the customer was intercepted is the basis for the 

primary sub-samples used in this analysis. Table 5.6 displays the distribution of 

WTP for both local and family for these sub-samples. In the direct market, only 

about 9% of the customers would pay no premium for local, while the figure is over 

13% for those in the grocery sample. Where 41% of the direct sample will pay 

between a quarter and a dollar more, only 35% of those at the grocery would. The 

numbers for the family farm cue parallel those of the market for the two sub-

samples.  Figure 5.1 represents the spreads of each variable for the sub-samples.  
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Table 5.6 Direct Market Response Distribution of WTP          
  None .01-.09 .10-.24 .25-.49 .50-.74 .75-.99 1.00-1.50 >1.50 
Attribute Direct Grocery Direct Grocery Direct Grocery D G D G D G D G D G 
Local 9.0 13.3 15.6 18.6 21.5 22.2 15.6 15.3 18.8 15.3 7.0 4.4 7.8 6.1 4.7 4.8 
Family 14.2 17.8 14.6 13.2 17.0 22.7 17.0 18.2 17.4 13.6 6.7 4.1 9.5 5.8 3.6 4.6 
*D indicates direct market, G indicates grocery          

 
Table 5.6 Direct Market Response Distribution of WTP 
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Figure 5.1 Distribution of WTP for local and family based on store type 
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 5.3.3 Minimum WTP Estimates 

While the distribution gives us an idea of the spread of WTP, we are also 

interested in the central tendency of this distribution. The mean WTP is based on the 

lower bound of these price premium ranges, which are directly interpreted as 

minimum WTP measures. That is, if a person indicates a willingness to pay $0.10 - 

0.24, we know that the individual is willing to pay a at least 10 cents per quart but 

may not be willing to pay up to the full upper limit of this range (24 cents). Hence, 

the lower bounds of the selected range can be viewed as the individual’s minimum 

willingness to pay.  Reported in Table 5.7 are measures of mean minimum 

willingness to pay for the full sample and for various sub-samples. 

Looking at the total sample first, we see that, in accordance with the 

observations made from the distribution, the mean for local is among the highest of 

this group of cues ($0.32). Though local’s highest concentration of responses is in a 

higher WTP category than that of pesticide-free, it has a smaller tail in the upper-

end, thus pesticide-free actually is equivalent to local. Family ranks only slightly 

behind these two ($0.32), while organic ($0.24) and Ohio Proud ($0.18) fall well 

behind.  

As observed in the distribution of local and family premiums, there are 

significant differences between the grocery and direct market sub-samples. Where 

direct market shoppers will pay $0.34 and $0.33 respectively for local and family, 

grocery shoppers will only pay $0.29 and $0.27. These two groups also differ 

significantly for the organic and pesticide- free cues, with direct shoppers paying  

$0.08 and $0.09 more, respectively. Also of note is that within the direct market sub-
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sample, pesticide-free actually outranks local as the cue with the highest premium 

($0.36 and $0.34). Ohio Proud does not evoke different responses from these sub-

samples. Figure 5.2 displays the difference in price premiums for the sub-samples 

based on store type. 

Interestingly, the sub-samples based on age and income each evoke different 

responses for different cues. The higher-income group will pay a higher premium for 

local and family, though there is no difference for organic, pesticide-free and Ohio 

Proud. On the other hand, younger consumers will pay a higher premium for 

organic, pesticide-free, and older consumers will pay more for Ohio Proud, but there 

is no difference for local and family. Education is the only sub-sample that shows 

significantly different premiums for each of the cues, with those with some level of 

post-high school education consistently paying higher premiums
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Table 5.7  Consumer Minimum Willing to Pay for selected food characteristics:  One Quart 
Strawberry Product.     
 Mean WTP   

    Store Type   
Household 

Income   Age   Education Level   

 
Total 

Sample Direct Grocery  
< 

50,000 
> 

50,000  
< 
45 

> 
45  

High 
School 
or less 

Post 
High 

School  
Pesticide free 0.32 0.36 0.27 *** 0.32 0.33  0.36 0.31 *** 0.27 0.34 *** 
Organic 0.24 0.28 0.20 *** 0.24 0.25  0.31 0.22 *** 0.18 0.27 *** 
Locally grown 0.32 0.34 0.29 *** 0.29 0.34 *** 0.32 0.32  0.27 0.33 *** 
Grown on a family farm 0.30 0.33 0.27 *** 0.29 0.32 ** 0.31 0.31  0.28 0.31 ** 
Displays the Ohio Proud 
symbol 0.18 0.18 0.18   0.18 0.19   0.17 0.20 ** 0.16 0.19 *** 
* One, two and three asterisks indicate a difference of the means for the two groups that is significantly 
different from zero at the 0.10, 0.05, or 0.01 probability levels, respectively.   
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Table 5.7  Consumer Minimum Willing to Pay for selected food characteristics:  One Quart Strawberry Product 
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Figure 5.2 Comparison of Grocery and Direct-market Sub-samples WTP for various cues
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5.3.4 Probability of Paying a Premium Pr ice 

Another way of analyzing the demographic factors is by looking at how they 

influence whether a person will pay a premium. Five probit models are estimated, 

one for each cue. For each model, the dependent variable is binary, taking on the 

value of one for consumers who indicated a willingness to pay any premium for a 

particular cue, and zero for consumers who are unwilling. Coefficients are estimated 

for nine explanatory variables. These independent variables include three metric-

scale variables (income, age and a health consciousness index) and seven binary-

scale variables (gender (male=1), education level (post high-school=1), households 

with children (=1), local support (having identified “support”  as the most important 

reason for buying local=1), residence in a metropolitan (=1) or rural area, and 

intercepted at a grocery (=1) or direct market).  

 The variables, age, income, grocery and education, were also used in the 

ANOVA analysis.  Of the five additional variables included in this analysis, only a 

few have the expected signs. Consumers identified with “ local support”  would be 

more likely to pay a premium for each of the cues associated with region or small 

farm: local, family and Ohio Proud.  For the organic cue, prior research suggests 

male consumers are less likely to pay a premium, so we expect a negative coefficient 

on gender. In addition, we would expect that respondents with a higher health index 

(greater demonstrated concern about food-related health issues) would be more 

likely to pay for the health benefits perceived with the organic and pesticide-free 

cues. The remaining variables, children and metro, are included based on the 
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hypothesis that they will be relevant factors, however, we have no expectations of 

the exact relationship, and as such, the signs are not predicted. 

Table 5.8 reports the results of the Probit models.  Bold entries in the table 

indicate statistical significance of the parameter estimate at the 90% confidence 

level. We will begin by comparing the results of the Probit models with those of the 

previously described ANOVA models. 
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Table 5.8 Probability of paying any premium     
 Pesticide Free Organic Local Farm Size Ohio Proud 

  Estimate 
Marginal 
Effects Estimate 

Marginal 
Effects Estimate 

Marginal 
Effects Estimate 

Marginal 
Effects Estimate 

Marginal 
Effects 

Constant 1.744 0.433 0.240 0.088 1.260 0.225 0.964 0.229 -0.051 -0.019 

Income 
-

0.00262* 
-

0.00065 
-

0.00205 
-

0.00075 0.00243 0.00043 
-

0.00053 
-

0.00013 
-

0.00023 -0.00008 
Gender -0.157 -0.040 0.021 0.008 -0.188 -0.035 0.015 0.003 -0.197 -0.072 
Age -0.017 -0.004 -0.003 -0.001 0.003 0.001 0.002 0.000 0.003 0.001 
Education -0.198 -0.046 0.162 0.060 -0.199 -0.033 0.044 0.011 -0.149 -0.053 
Children -0.020 -0.005 0.117 0.042 -0.280 -0.052 -0.089 -0.021 0.196 0.070 
Local 
Support 0.216 0.050 0.113 0.040 0.594 0.081 0.595 0.113 0.590 0.189 
Health 
Index 0.014 0.003 0.011 0.004 0.003 0.001 0.002 0.000 0.008 0.003 
Metro -0.145 -0.035 -0.095 -0.035 -0.174 -0.030 -0.216 -0.050 0.151 0.055 
Grocery -0.073 -0.018 -0.165 -0.060 -0.270 -0.048 -0.061 -0.015 -0.041 -0.015 

  
                 Table 5.8 Probability of paying any premium   
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5.3.4.1 Compar ison of ANOVA and Probit Demographic Statistics 

The grocery variable only partially coincided with the results from the 

ANOVA analysis. Shoppers intercepted at grocery stores were significantly less 

likely to pay a premium price for the local and organic cues than were shoppers 

intercepted at direct markets.  There was no significant difference between these 

groups for the family farm, pesticide-free or Ohio Proud cues. Grocery store 

shoppers were 4.8 percent less likely to pay a premium price for local than were 

direct market shoppers (based on the marginal effects estimate).  Grocery shoppers 

were 6.0 percent less likely to pay a premium for organic products. 

The coefficient on income per household member (thousands of dollars) 

showed a positive sign, indicating that customers with higher incomes are more 

likely to pay a premium for local.  The marginal effects coefficient suggests that that 

a $1,000 increase in income per member will result in a .0043 percentage point 

increase in the likelihood of a consumer being willing to pay a price premium for 

locally-produced foods.  ANOVA also suggested positive coefficients on income for 

the family model, but this was not the case. On the other hand, the estimated 

coefficient for income for the pesticide-free and organic models both were 

significant and negative even though income was not significant for either in the 

ANOVA analyses. This result is somewhat surprising, suggesting that lower-income 

customers are more likely to pay a premium for these cues.  

The results for the education variable varied substantially from our results 

with the simple ANOVA tests.  The ANOVA results suggest that educated people 

are more likely to be willing to pay a premium for all characteristics. However, the 
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multivariate probit models indicate that the presence of a post high school education 

is associated with an increased likelihood of paying premium prices for berries with 

an organic cue, but higher education consumers are less likely to pay a premium for 

pesticide-free, local and Ohio Proud products. Although educated people are less 

likely to pay anything, it is possible that those who are willing to pay a premium are 

willing to pay more. The second stage of the hurdle model, estimation of WTP given 

any premium is paid, will confirm whether this is in fact the case.    

The age variable coincided perfectly with the ANOVA results. The negative 

coefficients on pesticide free and organic suggest that older consumers are less likely 

to pay a premium, corresponding to the significantly lower mean WTP from the 

former analysis. Likewise, the positive coefficient on Ohio Proud corresponds to the 

higher mean WTP.  Moreover, age was not a significant variable in either the local or 

family cue, and neither was there a significant difference in the sub-samples for these 

two cues. 

5.3.4.2 Premium payers: the health conscious and “ local suppor ters”  

The marginal effect of the health variable is based on unit increments of a 0-

100 index. The parameter estimate for the Health consciousness index, was 

statistically significant and positive in sign in each of the models. This means that, 

with all other explanatory variables held constant, consumers with greater health 

consciousness were more likely to pay a premium for each of the product cues, 

regardless of whether the characteristic is overtly related to health, such as Ohio 

Proud. This is similar to the local support variable, which also displayed significant 

and positive parameter estimates across the models. Likewise, the local-support 



 43 

group was more likely to be willing to pay a premium for any food attribute, whether 

or not it was related to “ local support”  issues.  

One possible explanation for this phenomenon is that the health and local 

support variables pick up a general tendency of spending more freely on attributes 

where there is a high degree of uncertainty. As we noted before, the decision to pay a 

premium is based on a comparison of expected services (i.e. utility) from a product’s 

attributes. Because there is uncertainty about the service, the consumer must assign a 

probability to the services they expect to receive. This process of assigning 

probability depends on one’s background and outlook, among other things. In 

particular, the service “supports local business”  is an extreme case in terms of the 

amount of uncertainty. Whereas those who choose local for the additional taste and 

freshness can experience that additional utility immediately upon consumption, there 

is virtually no felt-benefit of the “supports local business”  attribute, aside from the 

gratification of the knowledge that one has “supported.”  Likewise, attributes such as 

organic and pesticide free, don’ t have immediate utility gains, but assumed long-term 

health or ecological benefits.  Consumers that identify local support as a source of 

utility, also put themselves in a category of people who, in general, gain utility 

indirectly and under considerable uncertainty. Those in this category tend to estimate 

a higher expected-utility for an uncertain service. 

5.3.4.3 Local suppor t consistency 

A remarkable feature of the local variable is that the coefficients were 

consistent across the three cues that are related to local support: locally grown, 

family farm and Ohio Proud, each at 0.59.  One explanation for this consistency is 
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that the distinct cues communicate a similar underlying consumption service. 

Consumers who value supporting the small, local owner read these cues similarly, 

suggesting that they are interchangeable. If this holds, it confirms the design of the 

conjoint experiment which decomposes of the cue into two main consumption 

services: local = fresh and local = social ideology. 

5.3.4.4 Dispar ity among “ local”  cues 

While the all of the variables discussed in this section thus far broadly 

address the primary question of this section, “how do consumers behave in response 

to the local cue as compared to other cues?” , the following variables address a 

secondary question, “what exactly does the local cue communicate?”  

The metropolitan variable shows significant negative coefficients across all 

variables but one, i.e. consumers who identified themselves as residents of a city or 

suburb were less likely to pay a premium for each characteristic.  The magnitude of 

the marginal effects are similar across the models. Only Ohio Proud showed a 

significant and positive coefficient. An important question here is what does the 

Ohio Proud cue communicate to metropolitan consumers that is different from what 

it communicates to those that are rural? For health and local support consumers, the 

message seems to be consistent, as the marginal effects are consistent across the 

models. However, there seems to be a large discrepancy between metro and rural in 

terms of the cues.  

A similar question exists for those consumers with children in the household.  

The only negative coefficient on the children variable shows up in the local model. 

However, children had a significant positive coefficient in Ohio Proud. In fact, 
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children had a coefficient twice as large in the local model as in the Ohio model, 

indicating that the difference between households with children and those without is 

substantially larger on the particular issue of local than any other. What do Ohio 

Proud and local communicate to consumers that evoke such different responses? If 

we assume that Ohio and local cues communicate the same consumption service, 

these results seem to challenge the underlying assumption that this type of 

experiment can capture a consumer’s preference function.  However, if we assume 

that each cue communicates a distinct consumption service we can account for these 

apparent inconsistencies. For example, if locally-grown communicates “ less shipping 

and retail mark-ups”  to a consumer with children, it will be difficult to rationalize a 

premium, whereas to people who do not have children, the message of “better tasting 

and fresher”  may be more prominent. On the other hand, Ohio Proud may effectively 

communicate the service of “better tasting and fresher”  to both groups. 

Alternatively, we could assume that each cue has a distinct degree of 

uncertainty associated with it, so that for urban consumers, locally-grown has a 

greater degree of uncertainty than Ohio Proud labels, because of the certifying 

agency provided by the latter. Looking at the inverse, it is possible that, for rural 

consumers, the uncertainty of Ohio Proud labels is greater than that of local food 

because they have more information about where their food is produced simply 

because they are in the same community and, thus, do not need to rely on 

government certification.  
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5.3.5 Probability of paying a higher  premium 

Consistent with a two-stage hurdle model, conditional on being willing to pay a 

premium for the various attributes, consumers are asked to indicate the amount of the 

premium they are willing to pay.  As discussed above and reported in Table 5.8, 

consumers willing to pay a premium choose from a menu of premium ranges 

indicating the range in which their maximum willingness to pay for that attribute 

falls.  Because the respondent is choosing a range of willingness to pay, each 

response provides information on the upper and lower bound of the premium, but not 

the exact amount.  To model the exact willingness to pay premium we use an interval 

censored regression model. 

Suppose willingness to pay for individual i (WTPi) is strictly positive, as is the 

case for those willing to pay a premium, such that: 

 iiX
i eWTP eb +=        (5.1) 

where X i is a vector of individual specific explanatory variables, b  is a 

conforming vector of parameters to be estimated and ie  is a mean zero constant 

variance ( )2s  error term that is independently and identically distributed across 

individuals.   

Each respondent must choose the range of willingness to pay from the paired 

premium sets: { [.01,.09],[.10,.24],[.25,.49],[.50,.74],[75,0.99],[1.00, 1.49, [1.50, 

¥ ]} .  For each response, we obtain an upper bound on the premium (Ui) and a lower 

bound (Li).  From equation (5.1), the probability that a respondent chooses the range 

[Li,Ui] is: 
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Assuming the error term is normally distributed with mean zero and constant 

variance ( 2s ), the probability of the true premium falling in the range [Li,Ui] is: 
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where ( )·F  is the standard normal cumulative distribution function.  Equation 

(2) represents the contribution to the likelihood function of an interval censored 

model for individual i.  By assuming independent and identically distributed error 

terms across respondents, the likelihood function for the interval censored model is 

found by multiplying the individual contributions to the likelihood function (2) 

across all individuals in the sample.  Maximum likelihood estimation is then used to 

obtain consistent estimates of the parameter vector b  and the error standard 

deviation s .2 From equation (5.1), the resulting parameter estimates for b  are the 

percentage change in the willingness to pay premia for a one unit change in the 

independent variables (often referred to as semi-elasticities) (Batte, et al, 2004).   

Table 5.9 presents the results of the interval-censored data model estimated on 

the subsample of consumers indicating a non-zero willingness to pay premia for each 

attribute category.  Bold entries indicate significance at the 90% confidence level.  

The independent variables included in the model are the same as those discussed for 

the Probit model earlier in this section.  

                                                 
2 LIMDEP 8.0 provides a standard routine for estimating interval censored data 
models with the GROUPEDDATA command.   
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Table 5.9 Probability of paying a higher premium conditional on paying any 

 
Pesticide 
Free Organic Local 

Farm 
Size 

Ohio 
Proud 

Intercept 3.677 4.024 3.371 3.455 3.006 
Income 0.00354 0.00425 0.00415 -0.00362 -0.00889 
Gender -0.075 -0.168 0.087 0.069 -0.108 
Age -0.010 -0.018 -0.004 -0.004 -0.006 
Education 0.383 0.402 0.626 0.490 0.645 
Children -0.041 -0.081 0.073 0.118 -0.113 
Health Index 0.005 0.002 0.001 0.002 0.002 
Local Support 0.039 0.195 0.121 -0.011 0.130 
Metro -0.348 -0.298 -0.590 -0.451 -0.217 
Grocery -0.284 -0.259 -0.097 -0.107 -0.126 
* Bold entries indicate significance at the 90% confidence level 
 

Table 5.9 Probability of paying a higher premium conditional on paying any 

 

Demographic variables appear to have a large impact on consumer behavior in 

these models. The pesticide free and farm size models had the least amount of 

significant coefficients at six out of nine. For the organic and Ohio Proud models, 

only one explanatory variable was not significant in each, children and income, 

respectively.  

Another remarkable result concerns the positive coefficients on income in the 

pesticide-free and organic models. Although higher-income consumers were less 

likely to pay any premium (from previous analyses), those that would were willing to 

pay more. Likewise, the education variable showed significant and positive estimates 

in each of the models, even though it was negative for both pesticide free and local in 

the former analysis. Though education and income may correspond to a similar 

tendency in individuals, they do not necessarily both apply to the same respondent, 
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given the relatively low correlation coefficient. The lack of correlation is also evident 

in the fact that their effects diverge in the local and farm size models. However, both 

sets of consumers may tend to be more skeptical of the value of the attributes, but if 

they are convinced, they are willing the pay more. Education was only one of the 

variables that showed significant estimates with consistent signs across all the 

models. Age, metro and grocery each showed consistently negative signs. Older 

consumers, metropolitan residents and grocery-store respondents would pay lower 

premiums than younger, rural and direct market respondents.  

WTP Estimates Based on Interval Censored Model 

 Table 5.10 displays the calculations of the price premiums for the group of 

consumers who were willing to pay any premium. 

 

Table 5.10 WTP estimates for consumers who are willing to pay any 
premium 
      Mean Median Min  Max 
Pesticide 
Free  33.17 31.11 10.54 68.52 
Organic  30.87 29.50 8.20 71.38 
Locally-
grown  33.01 28.66 11.18 84.64 
Family Farm  33.93 30.91 14.13 75.68 
Ohio Proud   31.39 30.13 9.94 117.37 

 

Table 5.10 WTP estimates for consumers who are willing to pay any premium 

 

 When consumers who are not willing to pay a premium are factored out, the 

magnitudes and thus the order of the estimates shift in interesting ways. The family 

farm cue has the highest premium, where it had the second to lowest, just above 
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Ohio Proud, in the original analysis.  Locally-grown and pesticide-free continue to 

rival one another, while organic falls below Ohio Proud. Ohio Proud major shift 

indicates that there is substantial support for the program if it is familiar. However, 

recall that the sample size for the Ohio Proud model is smaller, since a larger 

proportion said they would not pay any premium, which may have affected the 

estimates, especially considering the relatively large maximum of 117.37. 
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CHAPTER 6 

Conjoint Exper imental Design 

 

6.1.1 Introduction to Conjoint Analysis 

 The payment card approach used in the former analysis is a useful but 

limited way to estimate the impact of various attributes on consumer behavior, 

because the respondent evaluates each separately. The independence of the attributes 

does not capture trade-offs made between them, and thus the consumer’s priorities 

among them. Conjoint analysis, on the other hand, uses estimates based on attributes 

that are “con”sidered “ joint” ly, the concept that provides the origin of the term. 

Thus, the analysts can examine the trade-offs consumers make as they compare 

multi-attribute alternatives, as opposed to the attributes themselves. 

6.1.2 Conjoint Analysis Background 

Conjoint’s predecessor in stated preference models, the self-explicated 

approach, provides a more straightforward method of assessing consumer’s priorities 

among various product characteristics.  In this approach, respondents rate each 

attribute individually on a scale from 0 to 10 (for example). Then they rate the 

attributes in degree of relative importance. The part worth estimates are found by 

interacting the two rating scales (Sattler and Hensel-Börner 2000). The expectancy-

value model estimates the value of the multi-attribute product as the weighted-sum 
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of attributes, which are evaluated separately (Green and Srinivasan 1979; Fishbein 

1967; Rosenberg 1956).  

6.2. Conjoint Exper iments 

Two basic questions drive the design of a conjoint experiment: what are the 

attributes of interest and how should they be measured. Our discussion of design will 

begin with the selection of attributes and their levels, followed by the generation of 

the multi-attribute alternatives, called “profiles.”   The discussion continues with 

questions of design that determine the general functional form in the model. 

6.2.1 Profile Design 

The primary building blocks of a conjoint experiment are the attributes, 

which are combined to create a profile of a multi-attribute alternative. Each attribute 

is assigned levels that are varied to create distinct alternatives.  A factorial design is 

one in which attributes with multiple levels are varied.  

 

Table 6.1 Example of Simple Factorial Design  
Profile Number Production Location Price 

1 Local $3.00  
2 Local $3.50  
3 non-local $3.00  
4 non-local $3.50  

 
    Table 6.1 Example of Simple Factorial Design 
 

Consider a product with two attributes and two levels each: strawberries 

which have the attributes “production location,”  with levels “ local”  and “non-local,”  

as well as  “price,”  with levels $3.00 and $3.50, will have four distinct alternatives or 
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“profiles,”  as they are referred to in marketing literature.  The number of distinct 

profiles rises according to the equation,  

Õ
-

=
1

0

L

alialFullfactor ,       (6.1) 

where a is the attribute and l its level. In our simple example this equation is 2 x 2.  

If one were to include two attributes with three levels and four attributes with two 

levels the equation would follow as 3 x 3 x 2 x 2 x 2 x 2 or 32 x 24 = 144 distinct 

profiles. 

In practice, conjoint experiments require the respondent to process 

information that can potentially cause mental fatigue and, consequently, bias. As 

such experimental design should select the number of attributes and their levels as a 

balance between the need for simplicity and the desire for the maximum amount of 

information. 

6.2.2 Design and Functional Form 

The decision of whether to use ranking, rating or discrete-choice is a 

foundation for the basic model. The dependent variable is determined based on 

whether the profiles are compared through rating, ranking or discrete-choice.  Each 

offers distinct advantages for measuring preferences. Rating allows a dependent 

variable to be estimated on a metric scale, which provides more information than the 

non-metric alternatives of ranking and discrete-choice. However, these latter two are 

more reliable, since an ordered preference is more accurate than the magnitude of 

one’s utility. While ranking is a more efficient method in terms of information 
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provided per unit of the respondent’s time, discrete-choice has the advantage of 

reflecting an actual consumer behavior (Green and Srinivasan 1979).  

6.2.3 Exper imental Design 

Despite a desire to understand the importance of the local cue relative to 

common characteristics such as size, color and packaging, we limit the number of 

attributes and focus on decomposing the production location cue. The design used in 

this study includes four variables: price, location of production, size of producing 

firm, and whether or not there is a freshness guarantee saying “harvested yesterday” .  

All other characteristics are assumed equal. 

The location-of-production cues provide the most general information on the 

value of origin and degree of localness.  The options for location are “grown on a 

nearby farm,”  “grown in Ohio,”  “grown in the U.S.,”  and unidentified, which is 

displayed as blank.  These cues are intended to signal degrees of localness, ranging 

from county to state to national. “Grown nearby”  is used instead of the name of a 

county to provide vagueness for respondents who are not from the area but still have 

preferences for locally-grown food.  Grown in Ohio was selected over Ohio Proud, 

the state promotional program, because of a lack of consumer familiarity with that 

program. Finally, grown in the U.S. provides information on country of origin 

labeling as it is compared with the “unidentified”  location label.  

The size of the producing firm cue is intended to capture the element of 

“ local”  that implies a social ideology around small-scale agriculture and supporting 

local business. The name of producer is displayed as either “Fred’s Berry Farm” or 

“Berries Inc.,”  implying small family farm versus a large corporate farm.  These cues 
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obviously will not be interpreted in the same way by each individual, so we cannot 

say anything definitively about the role of farm size. However, if these cues are 

found to be significant in WTP estimates, we can make inferences about what they 

communicate.   

To capture the element of local that is exclusively related to its perceived 

freshness, we included a freshness guarantee cue. The label either indicates 

“harvested yesterday”  or was left blank. Respondents are not given any information 

regarding the type of certification process involved with the guarantee. We can not 

say whether the guarantee is a perfect substitute for the freshness component of the 

local cue, but it useful to make inferences and approximations.   

The price variable included five levels, ranging from $2.00 to $4.00 at $.50 

increments. The estimates were based on a $3.00 local market price for a one quart 

container of strawberries found in the summer of 2005. The price differential 

between paired profiles ranged from 17% to 100%. There were also comparisons in 

which there was no difference in price. 

6.3 Data Collection 

The conjoint experiment was administered in face-to-face interviews. 

Customers were intercepted at both direct markets and grocery stores. Two graduate 

students visited 17 locations from August 2005 to January 2006, including farm 

markets, farmers’  markets, and urban, suburban and rural grocery stores. The direct 

markets and rural stores were visited on Saturdays between the hours of 8:00 a.m. 

and 4:00 p.m., while the urban and suburban stores were visited on weekdays 

between 10:00 a.m. and 4:00 p.m. 
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Customers were approached randomly and told that the interviewer was a 

student in the College of Agriculture at The Ohio State University working on a 

research project. They were also told that the survey would take approximately 7-8 

minutes to complete and was regarding their preferences for fresh produce. After 

ascertaining the respondents were over the age of 18, they sat at a table in the 

produce section and looked at the screen of a laptop. They were then given the 

following scenario: 

We will begin by asking you to compare several hypothetical fresh 

strawberry products.  Imagine that you are out for a drive in the country 

and decide to stop at a roadside produce market.  There you see two fresh 

strawberry displays.  The strawberries are being sold in one-quart 

containers. In the following slides you will see the product information 

presented in these displays.  Other than the information that is provided, 

assume that the berries are identical in terms of size, color, ripeness, etc.  

Of course, any purchase that you make will reduce the funds that you and 

your family have available for other purchases. 

 The final comment is intended as a budget-constraint reminder to reduce 

hypothetical bias (Loomis 1997).  Next, the interviewer generated the first paired 

comparison and gave a brief overview of the options to help the respondent process 

the information. The following is an example: 
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 Product 1: Product 2: 
Where Produced: Grown in the U.S. Grown nearby 
Producer: Berries, Inc. Fred's Berry Farm 
Freshness guarantee? Harvested Yesterday  
Price: $                           2.00 $                          3.00 

 

Figure 6.1 Display used for conjoint experiment   

Pictures of berries were included as a visual aid for realism and to emphasize 

the point that all other characteristics were equal. The interviewer then asked, “which 

do you prefer, product one or two? You can also say no preference.”  The last point 

provided the respondent with an opt-out selection, which is important in the model 

estimation (Boyle et. al. 2001).  The interviewer then entered the respondent’s 

selection into a dialogue box and another paired comparison was generated 

automatically. They went through this process a series of eight times. After 

completing the conjoint experiment, respondents were asked to fill out a paper-based 

survey to assess attitudes of local foods as well as identify demographic information. 
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CHAPTER 7 

Model Specification and Empir ical Results 

 

7.1.1 Preference regular ity testing 

 Before the model can be estimated, it is necessary to test the regularity of 

preferences within the population, as well as within a group of experiments 

completed by one respondent. Price sensitivity and attribute preferences will 

inevitably vary for each consumer; this variance will be captured by the random error 

term. Because the model relies on a distribution of random components which are 

independent and identically distributed, it is essential to extract any systematic 

variance within the sample.  In order to identify variance within the sample, one can 

compare the overall goodness of fit between a full sample and sub-samples.  For 

example, if there is reason to believe that income will affect price sensitivity, one 

estimates the model based on sub-samples of high and low income respondents. 

When comparing the measures of fit, a test statistic is produced which indicates the 

probability that the sub-sample and the full sample show significantly different 

preference structures (Louviere, et al 2000). 

Suppose we choose L (>1) different consumer characteristics to test whether 

there is systematic variance between the sub-populations. Assume that the utility 

function for consumers with characteristic 1 is  
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Ul = � 0 +  � 1 X1 + � l ,l,…,L,      (7.1) 

where � l is a random error term. Our null hypothesis is that consumer characteristics 

do not affect the parameters � 1 , l = 1,…,L, i.e, H0: � 1 =  � 2 = …= � 2 = � . 

After the model is estimated for each of the (L) characteristics, using the sub-

sample as a data source, the log likelihood value at convergence LLl is obtained. The 

log likelihood value, LLJ, is obtained from the model estimated with data from the 

full sample. The statistic is calculated according to the formula -2(LLJ -�  LLl), which 

is chi-squared distributed with K(L-1) degrees of freedom, where K= � . If the 

calculated chi-squared value is greater than the critical chi-squared value at the 

desired significance level, the null hypothesis is rejected. 

7.1.2 Customer Intercept Location 

In this study, the distinct sup-populations of primary interest are based on 

where the customer was intercepted for the experiment: at a grocery store or direct 

market.  Using Limdep to run the model on the data from only those observations 

collected at  grocery stores we find that the likelihood function converges at -

1007.38 (Table 7.1). Data from direct markets produces convergence at -952.85. The 

model run with the full sample converges at -1987.82.  Looking at the difference 

between the likelihood for the full sample and the sum of the likelihoods for the two 

sub-samples, -27.59, shows that splitting the data gives better overall fits than 

combining them, (if they were equally fitted, the number would be close to zero, if 

splitting caused worse overall fits, this number would be a large positive number).  
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Table 7.1 Preference Regularity Test of Grocery and Direct 
Market Sub-populations 
 Full Grocery Direct 
No. of observations 4073 2030 2043 
No. of excluded observations 167 74 93 
Total 4240 2104 2136 
Log Likelihood Function Value -1987.82 -1007.38 -952.851 

 

Table 7.1 Preference Regularity Test of Grocery and Direct Market Sub-populations 

 

To test the probability that the difference in overall fits happened randomly, 

we create a chi-squared distributed statistic simply by multiplying the difference by -

2. The resulting test statistic is 55.18. The critical value of the chi-squared statistic 

with 7 degrees of freedom (included characteristics are the price variable, the three 

effects-coded location variables3, and the two dummy variables for size and 

freshness), a .005 probability is 20.7774, indicating that the difference in the overall 

fits is significant. Based on this result we conclude that the best method of analysis is 

to split the sample into data collected at grocery stores and direct markets.  

7.1.3 Sub-sample analysis on demographics 

 Of secondary interest are subgroups based on demographic characteristics. 

Tests for preference regularity were performed in the same manner. None of these 

characteristics generates significant irregularity to warrant splitting the data in the 

same way as the customer intercept location. However, the cases in which the 

difference in the log likelihood functions is relatively large (i.e. age and income) and 

                                                 
3 For ease of interpretation, this part of the analysis uses effect-coding for the location variable. This 
produces the same log likelihood as dummy-coding. The coding does not affect the parameter 
estimates, only their interpretation. See Appendix A for further explanation.  
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there is indication that systematic variation occurs provide interesting results. The 

parameter estimates for these subgroups at times differ as much as 30% or not at all. 

This indicates that, even though the entire preference function is not significantly 

different, these individual parameter estimates may be. As such, these differences 

will serve at guidance when selecting interaction variables to isolate systematic 

variance. 

 

Table 7.2 Preference Regularity Tests for Age and Income Sub-groups 
Characteristic Point of demarcation Chi-squared statistics 
Age 1 45 13.078** 
Age 2 50 10.4266* 
Income 1 $42,500 9.2816* 
Income 2 $87,500 4.778 
**significant at the 10% level * significant at the 25% level 

Table 7.2 Preference Regularity Tests for Age and Income Sub-groups 

 

In a similar way, there is some evidence that there is irregularity, even though 

these tests of significance fail to reject the null hypothesis, because the number of 

observations is small for a particular sub-group. With a smaller sample of the sub-

group, for example, men and non-post high school respondents, the overall fit 

measures will be less efficient, but it is still possible that these characteristics cause 

systematic variance. Thus, we will look at differences in gender and education 

parameters as well. 
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Table 7.3 Irregularity in individual parameter estimates among 
sub-populations 
  Age Income Gender Education 
  < 45 >=42500 Male Post-high  
No of observations  1552 2987 660 3200 
Price  -- ** -- ** 
Local ** -- ** -- 
Ohio-grown -- -- ** -- 
Grown in the U.S.  ** -- ** - 
Unidentified location -- -- ** -- 
Farm size  -- -- ** -- 
Freshness  ** -- -- -- 
** indicates difference greater than .1, -- difference is less than .1 

  

Table 7.3 Irregularity in individual parameter estimates among sub-populations 

 

Based on these indicators we will consider interaction terms corresponding 

with the asterisks in the above table. For example, the age characteristic will be 

interacted with the local cue, the national cue, as well as the freshness cue.  

Another important consideration is whether the characteristics that we have 

selected are correlated with each other. Looking at the education and income 

variables, we notice that the parameter on the price variable, seems to show similar 

estimates for the high and low levels of education as high and low levels of income. 

As these variables are theoretically correlated, it is worth testing the degree of 

correlation statistically. However, we find that the correlation coefficient is a 

relatively low .3 which suggests that systematic variance occurs with price 

sensitivity for both income and education distinctly. 
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7.1.4 Independence of Observations Testing 

 In the same way that we tested for systematic variance in sub-populations, we 

will test for learning that occurs within the experiment. Because each respondent 

made eight consecutive choices, it is possible that the observations are not 

independent of one another. If there is systematic variance between the early and late 

experimental results, we can infer that learning occurred during the experiments.  To 

test for this we find the log-likelihood for each of the three sub-groups, a pool of the 

first three choices for each respondent, a pool of the last three and a pool of the two 

in between. The chi-square statistic is not sufficiently large to reject the null 

hypothesis that learning has occurred. Though the results do not show statistical 

significance, it is worth noting the change from the local and state variables between 

the first and last observations from this experiment. 
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Table 7.4 Marginal effect variation among sub-sets of 
observations 
 First Three Observations Last Three Observations 

N 1524 1526 
Constant 0.08 0.04 

Price -0.71 -0.69 
Local 0.45* 0.34 
State 0.28 0.38 

National -0.33 -0.32 
Unidentified -0.41 -0.40 

Size 0.29 0.33 
Freshness 0.57 0.57 

 *Bold has no statistical significance, used as an emphasis 

Table 7.4 Marginal effect variation among sub-sets of observations 

 

In the case of local, the parameter for the first observations show an increase 

in probability nearly twice that of state. The last observations show state and local to 

be nearly equal in parameters. The 0.1 decrease of the local variable and 0.1 increase 

in the state seem to indicate that there is some learning about true preferences 

occurring.  Respondents begin by thinking that the local cue is much more valuable 

than Ohio and end up not distinguishing it at all, or even, as this possibly suggests, 

valuing it less.  

7.2 Specification 

Returning to our theoretical model 

AB
i
AB cpxsdV ecpba +D+D+D+D=    (7.2) 

and recalling the four levels of the attribute “production location,”  we consider the 

first four potential variables: �  Unidentified: location (loc) 1 – loc 2, where loc is 1 if 

blank and 0 otherwise; �  Local: loc 1- loc 2, where loc is 1 if “grown on a nearby 
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farm,”  0 otherwise; �  Ohio: loc 1 – loc 2, where loc is 1 if “grown in Ohio,”  or 0 

otherwise; �  National:  loc 1- loc 2, where loc is 1 if “grown in U.S.,”  0 otherwise. 

7.2.1 Rationale for  creating a binary location var iable 

A preliminary model with all levels of the location attribute as distinct 

variables will be estimated to determine whether each is necessary in the final 

specification. If the levels are not significantly different from one another, they will 

be combined into a broader category and included as one variable.  

The preliminary model will be estimated multiple times with different 

excluded variables so that we can compare levels that are contiguous. Recall that the 

excluded variable becomes the referent to which the included variable is compared. 

Multiple estimations with different referents allow us to examine tests of significance 

for the coefficients on variables compared to their contiguous level. If a variable and 

referent are contiguous levels, an insignificant coefficient demonstrates that there is 

no marginal effect for that level of an attribute. The attribute itself is still significant, 

but it does not need to be decomposed to that degree of levels. Thus, we pool the 

levels and create one variable.  

Table 7.5 shows the estimated coefficients for two separate models, the first 

excluding the state-level variable and the second excluding the national-level 

variable. The first set of variables, with state as the referent, show significant 

coefficients for all variables except local. Because local and state are contiguous, this 

result indicates that there is not a significant difference between the two levels and 

they can be pooled. The same result is found for the sub-samples based on the 

intercept location. Neither direct market nor grocery store customers see a difference 
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between strawberries that are labeled “grown nearby”  versus “grown in Ohio.”  Thus, 

in our final model, we will pool these two levels, defining a new “ local”  variable that 

encompasses both cues.   

In the second set of variables, both the state and unidentified levels, the two 

that are contiguous with national, the referent, show significant results. In this case, 

there is a significant difference to consumers between the labels “national”  and 

“unidentified.”  However, when we look at the interception sub-samples, we see that 

in fact, direct market customers do not make a distinction. The consumers would be 

as likely to purchase a product that is national as unidentified. Despite this finding, 

we will not pool the levels for the direct market sub-sample model so that we can 

estimate a consistent model for both groups. 
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Table 7.5. Parameter estimates with four-level location attribute       
  Full Sample Direct Grocery 
  Relative to Estimate P[�Z�>z Estimate P[�Z�>z Estimate P[�Z�>z 
�  National State -0.261 0.000 -0.318 0.000 -0.213 0.000 
�  Local State 0.020 0.248 0.031 0.201 -0.004 0.886 
�  Unidentified State -0.311 0.000 -0.299 0.000 -0.338 0.000 
�  State National 0.261 0.000 0.318 0.000 0.213 0.000 
�  Local National 0.281 0.000 0.349 0.000 0.209 0.000 
�  Unidentified National -0.050 0.004 0.019 0.441 -0.125 0.000 

*Bold indicates an estimate is NOT significant 

  Table 7.5. Parameter estimates with four-level location attribute 
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7.2.2 Product Attr ibute Var iables 

 Based on the results in the former section, the final model will only 

distinguish three levels from the production location attribute, “ local”  defined as in-

state, national and unidentified. We arbitrarily decide to exclude national, so that we 

interpret our results as marginal effects away from national. 4  

In addition to production location as a product attribute, the experiment 

included the size/type of farm and a guarantee of freshness. Both of these attributes 

included only two levels, alleviating the need for decisions about combining or 

excluding variables. We include two more variables, �  Farm Size: size 1 – size 2, 

where size is 1 if “Fred’s Berry Farm,”  0 if “Berries Inc, �  Fresh:  fresh 1 – fresh 2, 

where fresh is 1 if “Harvested Yesterday,”  0 if blank. Thus we have four x variables 

associated with the vector in the first term: Local, Unidentified, Farm Size and Fresh. 

The price variable will be included as �   Price: price 1 – price 2, where the 

difference in price will range from $0.00 to $2.00 

7.2.3 Higher-order  effects 

 Next we consider if there are any combinations of attributes that may produce 

significant marginal effects. In the case of an unidentified product location, it is 

possible that another attribute may negate the cue, as the signals may be substitutes. 

That is, if the strawberries have a freshness guarantee, even though the location is 

unidentified, the consumer may be just as likely to choose that product as if it had a 

                                                 
4Another popular way of interpreting results produces marginal effects from a grand mean through 
effects coding instead of dummy coding. Although this alternative provides a useful interpretation, for 
our purposes, the marginal effects based on dummy coding are more appropriate. For a complete 
description of the difference between effects and dummy coding see Appendix A. 
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local cue. The combination of a guarantee and unidentified label, therefore, may 

have predictive value in the consumer choice beyond what each could predict 

independently. The same might be true for the farm size, assuming that if it is 

produced on a smaller scale, the consumer may assume that it will have a shorter 

supply chain. Likewise, these cues may compensate for a national label as well. 

Preliminary models included several interaction effects. Table 7.6 presents the 

results.  

 

Table 7.6 Higher order interaction effects for grocery sub-sample  
  �  National �  Freshness �  Unidentified �  Farm Size 
�  National --    
�  Freshness -- --   
�  Unidentified -- * --  
�  Farm Size * n/s n/s -- 

– indicates not tested, “n/s” if found not significant, and * if found significant 

Table 7.6 Higher order interaction effects for grocery sub-sample  

 

Interestingly, this same model showed no significant combination effects for 

the direct market sub-sample. However, based on the significance of the coefficients 

for the grocery model, we will include a combination of freshness with unidentified 

as well as farm size with national: �  Unidentified*  �  Freshness and �  National*  �  

Farm Size 

7.2.4 Socioeconomic var iables 

Finally, we consider which socioeconomic variables will play a role in 

preference variability. The socioeconomic variables must be interacted with each of 

the product variables individually. Even if we only chose four of the most common 
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demographic variables, we would have 16 interaction terms (4 attribute variables *  4 

socioeconomic variables). Thus, careful selection of the appropriate interaction terms 

is required so that the model does not become too large and lose too many degrees of 

freedom. 

Some clues to these factors were produced by the payment card model in the 

former section.  Preliminary regressions tested a series of interaction terms based on 

these results. Table 7.7 shows the results of these tests for the direct market sub-

sample. Variables that were tested and found not significant display a n/s. If the 

interaction was not tested it is assigned a double-dash. Four interaction terms were 

found significant in this process, indicated by asterisks, two for significance at 10% 

and three for significance at the 5% probability levels.   

 

Table 7.7 Parameter estimates for demographic variables for direct market 
sub-sample 
 Interaction Variable 
  Price Local Unidentified Size Fresh 
Age -- n/s -- n/s *** 
Income n/s -- -- -- -- 
Education -- -- -- -- -- 
Gender -- *** -- -- n/s 
Metropolitan resident -- n/s -- ** -- 
Local-support index -- n/s -- ** -- 
Health index -- n/s -- -- -- 
Safety index -- n/s -- -- -- 

 

Table 7.7 Parameter estimates for demographic variables for direct market sub-

sample 
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The same process was completed for the grocery sub-sample, and 

interestingly, none of the interaction terms were significant. For the sake of 

consistency, the same model will be used for each of the sub-samples. Thus the 

socioeconomic variables included are, Gender*  �  Local: where male =1, female = 0; 

Metro*  �  Farm Size: where city and suburban residents =1, rural =0; Local Support*  

�  Farm Size: where “main reason for buying local”  is to support local business or the 

regional economy =1, 0 otherwise; Age*  �  Freshness: where age is a continuous 

variable. 

7.2.5 Predicted signs on parameters 

  The final specification needs of our model are hypothesized relationships 

between the independent variables and the probability of choosing a certain product 

alternative.  Based on general economic theory, we assign a negative sign to the 

parameter on price, as price increases, the probability of choosing that product 

decreases. Because we decided to use the national variable as our referent, the signs 

on the production location variables will respond accordingly. Assuming the basis of 

comparison is strawberries grown in the U.S., we hypothesize that consumers will be 

more likely to choose a product grown locally, thus assigning a positive sign to the 

local parameter. Conversely, the consumer will be less likely to choose a product 

whose production location is unidentified, giving a hypothesized negative sign to the 

unidentified variable.   

We also hypothesize a positive sign for farm size and freshness variables.  

The combination effect variables are both based on a hypothesized compensation 

effect, such that the negative probabilities associated with unidentified and national 
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are negated by the positive probabilities associated with freshness and farm size. 

Thus, the relationship for both is ambiguous. The demographic variables have some 

expectation based on the former analysis. We hypothesize that males will be less 

likely to pay a premium for locally grown produce, assigning a negative sign to the 

parameter. The local support variable is hypothesized to have a positive relationship 

with farm size. Tests of correlation provide no strong evidence of multicollinearity 

problems with the model specified. Other demographic variables do not have a 

specific designation. In summary, the final model specification follows:   

Y = � 1 – � 2 �   Pr ice  - � 3 �  Unidentified + � 4 �  Local + � 5 �  Fresh + � 6 �  Farm Size 

 +/- � 7 �  Unidentified*  �  Freshness +/- � 8 �  National*  �  Farm Size – � 9 Gender*  �  Local  

+/- � 10 Metro* �  Farm Size + � 11 Local Suppor t*  �  Farm Size +/- � 12 Age*  �  Freshness 

Where the signs on parameters indicate the hypothesized sign. The parameters are 

estimated with the maximum likelihood procedure for a standard probit model with 

the Limdep statistical package in NLOGIT version 3.0. 

7.3 Results 

7.3.1 Overall fit  

The estimated models based on the two sub-samples are presented in Table 

7.8. Both models fit the data well, demonstrated by a high percentage of correctly 

predicted choices. These figures are an average of the correctly predicted yes 

responses, which were more accurate, and the predicted no’s, which were slightly 

less frequent. Notice that even with fewer significant explanatory variables, the 

grocery model has a slightly higher prediction rate. This result indicates that there is 

less preference variability within the population of grocery store shoppers. 
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Table 7.8 Overall fit of Conjoint Model for each sup-population 
 Grocery Direct 
No. of Observations 1825 1824 
Likelihood function value -837.009 -883.67 
Percentage of correct predictions 78.69% 76.10% 
Sensitivity (actual 1s correctly predicted) 80.32% 79.79% 
Specificity(actual 0s correctly predicted) 76.97% 72.08% 

 

Table 7.8 Overall fit of Conjoint Model for each sup-population 

 

7.3.2 Product Attr ibute Var iables 

Table 7.9 shows the results of the final models. Note that each of the product 

attribute parameter estimates were significant with the hypothesized signs except the 

“unidentified”  variable in the direct market model which was not significant.  

Comparison of the parameter estimates across the models allows us to draw 

conclusions about the relative importance of these cues for the two groups.  For both 

groups, consumers value a freshness guarantee more than the local cue. The grocery 

model shows a marginal effect of 0.31 for freshness compared to 0.23 for local. In 

the direct market model, the marginal effect of freshness is 0.36 compared to 0.30 for 

local. Likewise, both of these cues were valued more highly than the farm size cue 

and the unidentified production location. For the grocery model, unidentified 

production location (-0.116) had a larger effect than farm size (0.086), whereas the 

direct market model had a marginal effect of 0.207 for farm size while unidentified 

was not significantly different than zero.  
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Table 7.9 Parameter estimates and marginal effects for conjoint model 
 Grocery Direct Market 

Product Specific Attribute Coefficient 
Marginal 
effects Coefficient 

Marginal 
effects 

Intercept 0.053 0.021 0.067 0.027 
�  Price -0.901 -0.359 -0.646 -0.257 
�  Local 0.579 0.231 0.755 0.301 
�  Unidentified -0.292 -0.116 0.053 0.021 
�  Farm Size 0.217 0.086 0.520 0.207 
�  Freshness 0.785 0.313 0.893 0.356 
Gender* �  Local -0.072 -0.029 0.288 0.115 
Metro* �  Farm Size 0.006 0.002 -0.138 -0.055 
Local Support* �  Farm Size 0.056 0.022 -0.182 -0.073 
Age* �  Freshness -0.003 -0.001 -0.006 -0.002 
�  Unidentified* �  Freshness -0.126 -0.050 0.045 0.018 
�  National* �  Farm Size 0.187 0.074 0.139 0.055 
* Estimates in bold refer to significance level of at least 0.10  

 

Table 7.9 Parameter estimates and marginal effects for conjoint model  

 

We can also draw tentative conclusions about the underlying consumption 

services associated with the cues. Assuming that the “harvested yesterday”  guarantee 

is an effective way of communicating freshness, we can factor out the freshness 

appeal from the local cue. The marginal effects of local are significant holding 

freshness constant. That is, comparing two products that are both harvested 

yesterday, consumers will still choose the local product more often.  Thus, we can 

view the effects as exclusive to the social component of the cue.  If this logic holds, 

both the grocery and the direct market models show substantial marginal effects for 

the social component. In terms of the direct market model, the results suggest that 

freshness and social ideology are both primary motivations to visit direct markets. 
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Grocery store shoppers are relatively more biased toward freshness as an attribute, 

but the social component is still strong. 

The farm size cue “Fred’s Berry Farm” versus “Berries, Inc.”  also shows a 

significant coefficient, despite its potential for a wide range of interpretation. Our 

intended interpretation was a “small-scale”  versus “ large-scale”  production method. 

Other potential interpretations include “corporate”  versus “ family-owned” 

operations, “national”  production versus “ local” , or others. However, in general, we 

assumed that the cue, regardless of the exact interpretation, would signal some form 

of social ideology revolving around supporting smaller, family-owned business that 

runs parallel to the ideological component of the local cue.  In the grocery model, the 

marginal effect of the farm size cue is only 0.086, little more than a third as 

influential as local. In the direct model, the farm size cue has an effect of 0.207, 

which more closely approximates that of local.  The large disparity in marginal 

effects for the local and farm size cues for grocery could indicate two phenomenon. 

One explanation assumes that consumers interpret the cues as communicating 

entirely different services. The result would suggest that the service communicated 

by farm size is not as highly valued as that communicated by local. An alternate 

explanation uses the same logic that assumes that freshness is factored out of the 

local cue. If the two cues share some services in common but also have some 

exclusive to themselves, we assume that those that overlap are factored out. 

Inferences about which services are shared as opposed to distinct overextend the 

bounds of this analysis because more information is needed to determine what 

exactly each cue communicates and how substitutable they are.  We conclude that 
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farm size is not as strong a cue as local, whether it does not communicate as well, it 

communicates a less valued service, or covers a narrower range of services.  

The price variable in the grocery model shows a negative coefficient that is 

larger in magnitude than any other product attributes. This indicates that grocery 

store customers are more sensitive to changes in price than any other factor. The 

price impact is 38% greater than the local impact and 14% more than freshness. In 

contrast, direct market consumers’  price sensitivity has the third highest impact, less 

than both local and freshness.  High price sensitivity is an indication that the 

consumer is highly aware of the budget constraint and the nature of utility gains as 

trade-offs. There are two plausible explanations for the discrepancy between these 

two groups. A less favorable explanation in terms of the validity of our model is that 

people in the direct market group are less aware of their budget constraints, so their 

responses may have a higher degree of hypothetical bias. However, there is not a 

solid rationale for why direct market consumers would be less aware of the trade-

offs. More plausible is that direct market customers are more willing to trade-off for 

the utility gains offered by the product attributes. Assume that shopping at a direct 

market has additional opportunity costs, because it is in essence an extra trip, since 

not all groceries can be purchased there. Those consumers who are willing to spend 

the extra time are already demonstrating that they are willing to pay some premium 

for the products and, thus, are willing trade off other utility gains for locally grown. 

Price sensitivity plays and important factor in overall willingness to pay as will be 

reflected in our later calculations. 
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The expected sign for the “unidentified”  production location variable shows 

up in the grocery model, although it is not significant in the direct market. Assuming 

that the standard strawberry that consumer’s purchase is identified as having been 

grown in the U.S., grocery store consumers are almost 30% less likely to choose that 

product than one that does not identify where it was produced. However, direct 

market consumers are no less likely to choose an unidentified product than a national 

product.  This result indicates that the uncertainty associated with an unidentified 

product is not a major factor in their decision. Perhaps this stems from the fact that 

direct market consumers are more trusting of products without information, since 

typically, local produce is not packaged in this way. Alternately, this result could 

indicate that “national”  poses as much uncertainty in production methods as 

unidentified.  Whatever the reason, direct market consumers are more accepting of 

unidentified products than those at grocery stores. 

7.3.3 Preference var iability among socioeconomic groups 

 Significant variation in preferences was found in the direct market model 

among groups based on gender and age. In contrast, none of these variables were 

significant in the grocery model. When interacted with the local variable in the direct 

market model, the coefficient on the gender variable indicates that males have 

stronger preferences for local than females. When age is interacted with freshness, 

the coefficient indicates that older consumers value freshness less. The original 

coefficient of .006 was evaluated at the mean age of 49 to produce the marginal 

effect displayed in the table. All other demographic variables were insignificant, 

indicating a high degree of preference regularity among consumers. 
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7.3.4 Combination effects 

 In contrast with the demographic variables, more combination effects were 

found significant in the grocery model than in the direct market. For the interaction 

term between unidentified and freshness, the marginal effect is negative. That is, 

there is less probability of choosing a product whose label says nothing about 

location but has a freshness guarantee, ceteris paribus.  

The national cue combined with farm size shows a significant and positive 

coefficient in both models. So, a label that says Grown in the U.S. on Fred’s Berry 

farm is more frequently chosen.      

7.3.5 Willingness to Pay Measures 

 By factoring out a consumer’s marginal utility of money, the coefficients in 

Table 7.9 can be translated into willingness to pay in currency units. Each variable 

has a part-worth associated with it, such that the attribute can be priced. Table 7.10 

shows the estimates. When translated into WTP measures, the disparity in consumer 

preferences among the models is even greater. This is a result of the substantial 

difference in price sensitivity. The marginal utility of money is literally the negative 

of the price coefficient. Notice that grocery consumers marginal utility of money is 

over 25 percent higher than of direct consumers.  

 Recall that the national variable is the referent for the production location 

variable. These WTP measures then, are calculated as part-worth values above a 

product that is grown in the U.S. The average grocery store customer will be willing 

to pay an average of 64 cents extra for a carton of strawberries if they are labeled 

“Grown in Ohio.”  The estimate rises to $1.17 for the average direct-market shopper.  
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Table 7.10 Comparison of grocery and direct WTP 
estimates 

  Grocery  Direct 

Marginal utility of money $0.90 $0.65 

Local $0.64 $1.17 

Unidentified -$0.32 $0.00* 

Family farm $0.24 $0.80 

Freshness guarantee $0.87 $1.38 
* This coefficient was not statistically different from zero 

Table 7.10 Comparison of grocery and direct WTP estimates 

 

Part-worth utility values are not quite as straightforward when they are 

negative. It is not safe to say that the consumer would have to be compensated 34 

cents to choose the unidentified product, as the question was not posed in this way. 

Alternatively, we can base the marginal effect on a different referent to achieve a 

positive coefficient. If we were to run the same model excluding the unidentified 

variable instead of the national, the estimate would be positive. Thus, we can say that 

if the standard package of berries did not have a label indicating where it was grown, 

the average grocery store customer would be willing to pay 32 cents for one that said 

“Grown in the U.S.”  Table 7.11 demonstrates the properties of alternate referents. 
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Table 7.11 Comparison of Location Variables with Alternate Referents  
Location-level Variable Referent Marginal effects 

National Local -(� 1) 
National unidentified -(� 2) 
Local unidentified � 1- � 2 
Unidentified Local � 2- � 1 

 

 Table 7.11 Comparison of Location Variables with Alternate Referents  
 

 

For the production location variables then, our results show that consumers 

are willing to pay a substantial premium for local strawberries. But the even larger 

premium is found for the freshness guarantee cue. If the strawberries show a label 

that say harvested yesterday, consumers will pay an average premium of between 

$0.87 and $1.38 for grocery store and direct market customers, respectively. These 

premiums are considerable considering that the prompt indicated that the typical 

market price for a carton of strawberries is only $3.00. 

Farm size did not garner as substantial a premium as freshness or local. If the 

label on the strawberries said Fred’s Berry Farm rather than Berries, Inc., consumers 

were willing to pay an average premium of 24 cents for grocery store customers and 

80 cents for direct market. 

7.4 Compar ison of WTP between payment card and conjoint models 

A comparison of the measures of willingness to pay between the payment 

card and conjoint models is presented in Table 7.12.  Comparing these models is 

difficult for a variety of reasons. In addition to the obvious difference in elicitation 

and estimation methods, the cues were not entirely consistent across the models. The 
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cue in the payment card model “ locally-grown” is not exactly parallel to the 

combined “grown nearby”  and “grown in Ohio”  cues that make up the local variable 

in the conjoint model. Likewise, “grown on a family farm” is slightly different than 

“Fred’s Berry Farm” as the farm size cue. There is enough variation in the cues to 

raise uncertainty about the consumer’s interpretation. Moreover, the nature of the 

trade-offs implicit in the conjoint model mean that the cues have certain 

consumption services factored out, while in the payment card model, the cues are 

comprehensive. So, the payment card model asks for the premium paid for locally-

grown, which can communicate both freshness and social aspects, while the conjoint 

isolates the freshness component from the local cue. Taking this into consideration, 

we might propose that the WTP for locally-grown cue in the payment model would 

approximate the combined WTP of local and freshness in the conjoint model.  

However, the results do not support this proposition. In fact, WTP for local in the 

payment model is less than half that of the conjoint-grocery model and less than a 

third of the conjoint-direct-market.  

While the premiums remain widely divergent, the overall price of the carton 

of strawberries more closely approximate one another. The payment card gave a base 

price of $3.00, while the conjoint base price was closer to $2.50. (While we do not 

have a precise measure of the total due to the limitations of dummy coding (see 

Appendix 1), we know that it will be less than the grand mean of $3.00.) Therefore, 

the total price in the payment card for a locally-grown-labeled carton is around 

$3.30, while the conjoint models provides a range from of $3.14 to $3.67, whose 

mid-point is about $3.40. Perhaps the average consumer would be willing to pay up 
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to a certain amount for a carton, say, $3.50, but once that point is reached, the 

marginal utility of additional quality diminishes rapidly. 

Because of the marked difference between the two premiums, one must 

decide which of the methods provides more sound measures. Consumer preference 

literature suggests that discrete choice elicitation methods are superior to payment 

card. In the latter, consumers are given a range of values of which minimum is 

assumed to be the lower bound of their willingness to pay, whereas discrete choice 

uses a specific amount as the lower bound, which provides a more accurate measure. 

Moreover, the conjoint model allows more flexibility in incorporating explanatory 

variables.  With that said, the payment card analysis shows lower estimates, which in 

general, provide more confidence due to the skepticism of questions involving 

hypothetical budget constraints.  

The models also diverged in the consistency of preferences across 

demographic characteristics. With the exception of age and gender in the direct-

market sample, demographic factors were not significant, suggesting that preferences 

were consistent among many different groups. In the payment card model, the high 

number of significant explanatory variables suggest that preferences vary among 

groups. 
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Table 7.12. Comparison of payment card and conjoint model WTP estimates 

  Payment Card 
Conjoint-
grocery Conjoint-direct 

Freshness -- 0.87 1.83 
Local 0.32 0.64 1.17 
Farm Size 0.3 0.24 0.8 
Ohio Proud 0.18 -- -- 
 

Table 7.12. Comparison of payment card and conjoint model WTP estimates 
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CHAPTER 8 
 

Conclusions and Recommendations 
 
 

8.1 WTP measures for  locally-grown produce 

The basic objective of this study was to show whether consumers were 

willing to pay a premium for locally-grown produce. Two methods were used for 

this purpose – a payment card method and conjoint analysis. Both approaches 

suggested that consumers were willing to pay more for locally produced foods, but 

there were differences in the estimates of the magnitude of that premium. As a 

compromise, we use the average of the two estimates. In this case, grocery store 

customers would pay an average premium of around 46 cents while direct market 

customers would pay nearly 76 cents for a carton of strawberries that was grown 

locally rather than shipped from, say, California. One way to generalize this over 

different types of produce would be to make the premiums a percentage of the total. 

Assuming the average price of a carton of strawberries is $2.75 (over the payment 

card and conjoint model base prices) than the premium percentage range is from 17 

to 28 percent.   

Another objective of the study was to determine consumer perception of local 

in terms of degree of distance. The conjoint analysis shows that a product that is 

“Grown nearby”  is not more highly valued by consumers than “Grown in Ohio.”  On 

the other hand, the payment card analysis shows that locally-grown produce is more 



 85 

highly valued than that with an “Ohio Proud”  label. A simple explanation of the 

apparent irregularity is that either “ locally grown” communicates more value than 

“grown nearby”  or alternatively, “Ohio Proud”  communicates less value than 

“Grown in Ohio.”  The latter explanation seems viable, since The Ohio Proud 

program is not well-known or generally accepted as a guarantee of local production. 

The first explanation suggests that the variation of certainty about region-of-origin 

accounts for the irregularity. Perhaps in the payment card approach, consumers were 

assuming that they could certify whether something was locally grown. On the other 

hand, because conjoint experiment simulated actual consumption behavior, 

respondents were more aware of asymmetric information. “Grown nearby”  is not 

necessarily a more ambiguous cue than “ locally-grown,”  but adding a level of 

uncertainty diminishes its effectiveness as a signal. One might also consider whether 

the variation is due to the appeal of the catch phrase, “ locally grown,”  which may 

stimulate associations and cultural identification (see Van de Lans (2001) about the 

underlying psychology of this explanation). 

Both explanations point to difficulties communicating region of origin, either 

because of uncertainty about the claim or unfamiliarity with it.  The challenge is to 

communicate local in a way that is familiar and carries a degree of certainty. In sum, 

this study is not conclusive with regard to the preference structure for produce whose 

region-of-origin is within a sub-state level of proximity. However, we can conclude 

that if one is certain that produce is locally-grown, it is more highly valued than that 

which has an “Ohio Proud”  label. In addition, the study shows that produce that is 

Ohio-grown is more highly valued than a national product. Moreover, the study 
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shows that, for customers at grocery stores, who are accustomed to seeing region-of-

origin labels on produce, an unidentified package is less preferred. That is, any 

region-of-origin (from national to local, excluding foreign origin) cue is better than 

no cue. Likewise, premiums for state-level region-of-origin cues are comparable to 

those for organic and pesticide-free; and in the case of many consumers, the local 

premiums are substantially higher.  

8.2 Marketing Implications 

These conclusions provide a solid rationale for the existence of niche market 

potential for Ohio berry producers. Clear identification of Ohio-grown produce can 

distinguish a carton of strawberries from another whose appearance is exactly the 

same. Therefore, this study recommends an alternate pricing strategy that would 

capture the additional willingness-to-pay of consumers and turn them into profits for 

producers. The general bias toward the welfare of producers underlying the 

recommendation stems from concern for the viability of local agriculture. The 

danger to consumers is that agricultural production becomes outsourced because the 

current pricing strategy does not provide sufficient income for local producers.  If 

local production is valued in and of itself, consumers will lose utility if it ceases to 

exist, so the capture of a portion of consumer surplus for firm profit has positive 

welfare effects over the long-run.  

An interesting caveat regarding the experiment prevents us from concluding 

that these premiums would be universal across various markets. The basis for data 

collection was retail markets, but the simulation asked respondents to imagine that 

they were at a direct-market, specifically a roadside market. Returning to our 
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discussion of various signals of local and the degrees of uncertainty associated with 

them, we caution that the location of purchase may be a more important  “cue”  for 

local. If the local, small-scale nature of direct markets inspires more certainty about a 

local region-of-origin, generalizing the pricing strategy to grocery stores is a more 

tenuous conclusion.  However, the fact that customers were intercepted at grocery 

stores and stated a willingness to pay in that context leaves room for 

recommendations of Ohio and locally-grown labeling in those markets.       

Another objective of this study was to determine the extent to which the 

magnitudes of premiums vary based on socioeconomic factors. These results allow 

us to identify various segments within the market. Market segmentation offers 

further opportunity for producers to capture more consumer surplus. Various means 

of targeted discounting based on the socio-economic characteristics allows various 

premiums to exist simultaneously. If a certain group has less WTP than another, 

providing ways to reduce the standard premium price for that group allows both 

groups’  maximum WTP to be captured. The conjoint analysis reveals market 

segmentation exists based gender: men will pay a higher premium for local produce, 

so women should be targeted for discounts. The payment card analysis suggests that 

women, households with children, and metropolitan residents are targets for 

discounts because of their lower willingness to pay. 

This study also proposed to determine the relative effectiveness of cues that 

communicate the underlying consumption service of local. Freshness communicated 

through a guarantee garners a higher premium, suggesting that it is more effective 

than local. The implication is that labels that communicate the time of harvest are 
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more relevant to a consumer’s decision than the distance traveled from production 

location. Both types of information favor local producers, since time is a function of 

distance in most cases. A local producer should decide which signal to use, 

depending on the degree to which the distance factors into the time-frame from 

harvest to retail. Direct markets have a definite advantage in this area. However, with 

advanced coordination, retail outlets could garner premiums from the time-based 

freshness cue. 

8.3 Social Value of Locally-Grown   

One further objective of this study was to decompose the appeal of locally-

grown into its freshness and home-bias consumption service. The conjoint analysis 

suggests that consumers are primarily paying for the freshness of locally-grown 

produce. However, it does not explain all of the appeal of locally-grown since nearly 

equivalent premiums still exist for local cues after the freshness guarantee is 

controlled for.  What we’ve variously called home-bias, social functions and 

ideological components are legitimate utility-producing consumption services that 

come close to rivaling that of freshness. One attempt to identify the specific social 

function within the payment card analysis shows that there is a segment of the 

population that will pay a premium for locally-grown produce to support the local 

economy. The premiums associated with the family farm/farm size cues suggest the 

viability of family farms or small-scale agriculture is another social function. While 

we cannot specify the social function, in general we can assert that people are willing 

to use consumption as a means to realize their social ideology.  Thus, communicating 
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a local region-of-origin or small-scale production method is an important marketing 

strategy. 

8.4 L imitations  
 

The apparent discrepancies between the conjoint analysis and the payment 

card method point to the limitations of this study. First, the nature of cues introduces 

an element of uncertainty for the consumer and ambiguity for the researcher. This 

study did not provide any means to control for degrees of uncertainty between 

different degrees of local in either model. Whereas the freshness component had a 

guarantee behind it, the production location cues did not. Ohio Proud is a certified 

program, but it is unfamiliar to many consumers. One way to control for this is to use 

a hypothetical scenario, in which membership into a “small, local growers 

association”  allows the use of a certain brand, label or certification.  In terms of 

ambiguity for the researcher, the consumer’s interpretation of the cues is not 

observed. We have mentioned various interpretations of the farm size and local cues.  

Finding a way to observe one’s interpretation is challenging (impossible?), however, 

more precise cues may reduce the variety of interpretations available. Instead of 

using “grown nearby”  a cue could state the name of a sub-state region, i.e. “ locally-

grown in Belpre, Ohio.”  Still, the researcher will run into problems of unfamiliarity 

with a specific name. 

Finally, the comparison of conjoint and payment card analyses would have 

been more straightforward had the cues lined up. The different cues leave room for 

the  variation in the WTP estimates to be explained not just by the estimation 

methods but the various interpretation of cues. 
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8.5 Future Directions in Research 

Because of its straightforward business applications, the interpretation of 

results as willingness to pay may divert attention away from sociological conclusions 

about consumer preference. This analysis also stimulates discussion about social 

phenomenon related to buying local. The study shows that a large part of consumer 

behavior in response to the local and farm size cues can be attributed to social 

ideology.  In a sense, the WTP measures can be a means of quantifying social 

concern.  

Money metric values are useful measures of attitudes because they are a 

common reference across the population. In addition, they have implicit trade-off 

value, so that attitudes are measured as priorities as opposed to magnitudes without 

constraints. The money metric provides a constraint by implying that in order to act 

on one concern one must trade-off concern for some other issue. Other “concerns”  

could be self-centered, as in meeting physical needs or having pleasurable 

experiences, or more altruistic, as in donating to other causes or having more leisure 

time for service. Embedding scarcity into attitude measurement provides a realistic 

measure of a respondent’s concern.  

This study is limited in its ability to identify specific social concerns that 

might give rise to consumer behavior that is dependent on a local cue. Many possible 

motivations could lie behind the observed choice, i.e ethnocentric pride, a desire for 

community participation, a connection with one’s source of nourishment, or an 

attempt to localize consumption because of concern for the sustainability of 

globalized trade, to name a few. 
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Future studies could attempt to isolate these specific concerns by using more 

straightforward cues. More generally, studies could attempt to identify the extent to 

which social concerns are reflected in consumer behavior as opposed to 

straightforward donations. Within this broader context, various social concerns could 

be reflected through cues  i.e. environmental and community sustainability, etc.   
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APPENDIX A 

Effects and Dummy Coding 

When an attribute has more than one level, in our case the location variable, 

there are three options for coding: metric, dummy and effects. A metric scale serves 

when the relationship between levels adheres to a continuous function, for example, 

price. When the relationship between levels is unknown, dummy and effects coding 

are used.  These coding techniques create variables for each level of the attribute 

rather than using the attribute itself as the variable.  

In dummy coding, each takes on a zero or one value based on which level the 

location attribute had for a specific profile. This requires that one level be excluded 

to avoid collinearity. The excluded variable becomes the referent for interpretation of 

estimated coefficients and WTP calculations.  For example, if we exclude the 

location level “national,”  the estimated coefficient on the “Ohio”  level will be 

interpreted as a marginal effect from “national”  to “Ohio.”  This is a straightforward 

interpretation because it provides an identified level as a base. If the current 

marketing scheme uses a “Grown in the U.S.A.”  label one can easily look at the 

marginal effects as the additional willingness to pay when changing to a local or 

state label or not labeling at all (i.e. unidentified).  
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Table A.1 Compar ison of Location Var iables using 
dummy coding 
Location Variable Referent Marginal effect 
Local National � 1 

State National � 2 

unidentified National � 3 

 

Table A.1 Comparison of Location Variables using dummy coding 

 

Within this framework, information based on an alternate referent can be 

obtained with additional calculation. For example, the marginal effects of “national”  

can be calculated, as negatives of the coefficients of the other variables, considering 

each as a referent respectively.  Thus, the marginal effect of “national”  with “ local”  

as the referent is the negative of the coefficient of “ local”  with “national”  as a 

referent. Likewise, the marginal effect of “national”  with “unidentified”  as the 

referent is the negative of the coefficient on “unidentified”  with “national as the 

referent. 

 

Table A.2 Compar ison of Location Var iables with 
Alternate Referents 
Location-level 
Variable Referent Marginal effects 
National local -(� 1) 
National state -(� 2) 
National unidentified -(� 3) 

Local unidentified � 1- � 3 

Local state � 1- � 2 

State unidentified � 2- � 3 

State local � 2- � 1 
Unidentified state � 3- � 2 
Unidentified local � 3- � 1 

 

Table A.2 Comparison of Location Variables with Alternate Referents 
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With slightly more manipulation, we could see the marginal effect of “ local”  

with “unidentified”  as the referent. This would be useful if we wanted to determine 

the additional value of the local cue from the current marketing scheme that does not 

identify the origin. This is done by taking the difference between the coefficients of 

the two variables, estimated based on a third referent.  

However, while the marginal effect is straightforward, we do not have 

information about the referent’s absolute value, i.e. we have the additional 

probability, but not the original probability. It would be useful to look at these 

marginal effects as movements away from a probability of .5. In order to accomplish 

this, we use effects coding.  

 

Table A.1.3 Effects Coding Values 
Location-
level Variable 

 National Local State 
 

Unidentified 
 

National N/A Excluded Excluded Excluded Excluded 
Local � 1 -1 1 0 0 

State � 2 -1 0 1 0 

Unidentified � 3 -1 0 0 1 
 

Table A.3 Effects Coding Values 

 

Like dummy coding, effects coding treats each level as its own variable with 

one excluded to avoid collinearity. However, the excluded variable is then accounted 

for with a -1 value within the other three variables. So, if national is excluded, we 

determine that the local variable takes a value of 1 if the attribute was local, 0 if Ohio 

or unknown and -1 if national.  
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After the model is estimated, we can calculate the marginal effect of the 

excluded variable based on the constraint that the coefficients sum to zero.  

 

Table A.4 Effects Coding Marginal 
Effects 
Location-level 
Variable 

Marginal 
Effect 

Local � 1 

State � 2 

Unidentified � 3 

National -( � 1+� 2+� 3)  

 

Table A.4 Effects Coding Marginal Effects 

 

The referent in this framework is not the excluded variable, rather, it is a 

pseudo-level, i.e. one that is never displayed in our experiment. The referent level is 

simply an average of the randomized generation of the levels across observations.  In 

this way, we can look at each of the variables’  marginal effects simultaneously and 

compare their magnitude from a standard level.  

The usefulness of effects coding is more apparent when estimating 

willingness to pay.  The marginal effects become part-worth values after factoring 

out the utility of money. We interpret part-worth values in the same way as the 

marginal effects--in relation to the referent, i.e. the additional WTP from some base.  
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Table A.5 I llustration of WTP figures compar ing effects 
and dummy coding information5 

Positive Differentials Willingness to Pay 
Location Variable  Referent Part worth Total 
Local grand mean $0.55 $3.55 
State grand mean $0.48 $3.48 
National grand mean -$0.43 $2.57 
Unidentified grand mean -$0.60 $2.40 
State national $0.91 N/A6 
Local national $0.98 N/A 
Unidentified  national -$0.17 N/A 

 

 Table A.5 Illustration of WTP figures comparing effects and dummy coding  

 

In the case of dummy coding, we know the marginal effects, but we have no 

information for the base level price of the good. We would need to know the price 

that would be paid for a typical carton of strawberries that is labeled “Grown in the 

U.S.”  Because our experiment does not assign any particular value to any particular 

attribute, this information is unavailable. However, with effects coding we know that 

the referent’s price will simply be the mid-range value of the various price levels 

displayed. In our experiment, we had five price levels--two increments and 

decrements from $3.00.  With this as a base we can scale the magnitude of the part-

worth values in relation to the overall value for an “average”  good.  

                                                 
5 This table has strictly illustrative figures, it is only to demonstrate the added clarity of the effects 
coding information.  
 
6 This information can be determined only after using effects coding to determine the marginal effects 
from the grand mean. 
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Customer Intercept Survey 

ID  
    

A-1 Have you ever bought fresh produce directly from farmers (either at a roadside 
market, farmer’s market, or pick-your-own markets?)  

 Yes 

 No  (If no, Skip to A-3) 

    

A-2 
If you do purchase directly from farmers, how often do you visit during their 
marketing season?  
(Check one)? 

 Twice-Weekly 

 Weekly 

 Twice-Monthly 

 Monthly 

 Less than once per month 

    

A-3 If available, do you choose locally-grown produce when you shop at 
supermarkets? 

 Yes 

 No 

    

A-4 Following are some reasons that you might purchase locally grown foods. Please 
identify the top three reasons that you purchase locally grown foods.    

  1.  Freshness 
  2.  Taste 
  3.  Nutrition 
  4.  Safety  
  5.  Support local businesses 
  6.  Support regional economy 
  7.  Direct connection with source of food 
    

 Most important reason  (enter reason number 1-7) 
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 2nd most important (enter reason number 1-7) 

 3rd most important (enter reason number 1-7) 

    

A-5 
Assuming strawberries are priced at $3.00 per 1 quart carton at your local 
grocery store, how much more (if any) would you be willing to pay for each of 
the following characteristics (Please select one amount in each row)? 

  Cents per one-quart carton 

Characteristic None 1-9 10-24 25-49 50-74 75-99 100-
149 

more than 
150 

Pesticide free         
Organic         

Locally grown         
Grown on a family 

farm         

Displays the Ohio 
Proud symbol         

 
    

A-6 In general, when you purchase food of any type at the grocery store, how would 
you rate the importance of the following characteristics in your decision?   

    Not  
Important 

 
Somewhat: 
Important 

 
Important 

Very 
Important 

 

1. Price      

2. Brand      

3. Low-calorie      

4. Low-fat      

5. Low-trans fats      

6. Low-cholesterol      

7. Low-sodium      

8. Labeled as Heart 
Smart      

9. Labeled as 
organic      

10. Labeled as 
natural      
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11. 
Taste/quality 
(from past 
experience) 

     

12. Ease of 
preparation      

13. Convenience of 
packaging      

  
 
 
 

  

A-7. Please indicate the degree to which you agree or disagree with the following 
statements relating to food products.  

    Strongly 
 Disagree 

 
Disagree 

 
Undecided 

 
Agree 

Strongly 
 Agree 

1. 

Fresh produce at 
farmer’s markets 
is generally much 
more expensive 
than at the 
grocery store 

     

2. 

The foods 
available at my 
local grocery are 
safe 

     

3. 

It is important 
that fruits and 
vegetables are 
attractive and free 
of blemishes 

     

4. 
Food today is not 
as safe as it was 
10 years ago 

     

5. 

Eating fresh 
produce (fruit and 
vegetables) 
reduces the risk 
of cancer and/or 
heart disease 

     

6. 
Food purchased 
directly from 
farmers is safer 
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than from grocery 
stores 

7. 

Pesticides pose a 
health threat to 
consumers of 
fruits and 
vegetables 

     

    
    

Section B.  About you and your  household.   

This information is required for statistical analysis.  We will not 
ask your name.  All information provided will be anonymous. 

  
B-1 Are you (Check one): 

 Female 

 Male 

    
B-2 Are you a vegetarian or vegan? (Check one) 

 Yes 

 No 

    

B-3 Does anyone in your household grow a vegetable garden? 
(Check one) 

 Yes 

 No 

    

B-4 Are you the Primary food shopper in your household? 
(make 50% or  more of all purchases)  (Check one) 

 Yes 

 No 

    

B-5 What is your home zip code?    
    

B-6 How many of the people in your household are in the 
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following age groups? (Enter the appropriate number of 
people in each category) 

 .Under 5 years 

 . 5 to 9 years 

  10 to 14 years 

 .15 to 19 years 

 .20 to 24 years 

 .25 to 34 years 

  35 to 44 years 

 .45 to 54 years 

  55 to 59 years 

  60 to 64 years 

 .65 to 69 years 

  70 to 79 years 

  80 years and more 

    

B-7 

Approximately how much does your 
household spend each week in grocery 
stores and other food sellers (like farm 
markets)?   

  

$  

    

B-8 

Approximately how much does your 
household spend each week to buy 
produce (fruit and vegetables)?  (enter 0 
if none)  

  

$  

    

B-9 Please describe the community in which you currently live 
(Check one) 

   City 

   Suburb 

   Small Town 

   Countryside (but not on a farm) 

   Farm 
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B-10 Were you born in the United States? 

 Yes 

 
No => If no, in what country were you born? 

 
    

  

Submit Reset
 

  

 
 

 
__________ID Number  

More about you and your  household.   
This information is required for statistical analysis.  We will not ask your name.  All 
information provided will be anonymous. 
 
B-11.  What was your age at your last 
birthday?   

______________________________ 

 
B-12.  What level of education did you complete? (Check one) 
 
   Less than 9th grade 
   9th to 12th grade, no diploma 
   High school graduate (or equivalency) 
   Some college, no degree 
   Associate degree 
   Bachelor©s degree 
   Graduate or Professional degree 
 
B-13. What is your marital status? (Check one): 
   Never married 
   Now married 
   Now married but legally separated 
   Unmarried partner 
   Divorced 
   Widowed 
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B-14.  Which of the following best describes you? (Check one) 
 
   Black or African American 
   American Indian or Alaska native 
   Asian or Asian American 
   Native Hawaiian or other Pacific Islander 
   Hispanic / Latino 
   White 
   Bi/multi-racial 
 
B-15. What was the total income of all in your household in 2004? (Check one) 
   Less than $10,000 
   $10,000-$14,999 
   $15,000-$24,999 
   $25,000-$34,999 
   $35,000-$49,999 
   $50,000-$74,999 
   $75,000-$99,999 
   $100,000-$124,999 
   $125,000-$149,999 
   $150,000-$174,999 
   $175,000-$199,999 
   $200,000-$224,999 
   $225,000-$249,999 
   $250,000-$499,999 
   $500,000 and over 
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APPENDIX C 

 

Limdep Programs for  the Binary Probit (WTP any), Group Interval Censored 

Model and WTP Calculations 

 
read  ;file=c:\data\conjoint_limdep.xls ;format=xls  ;names $ 
skip 
create ; INC_HHM=income/hholdsiz/1000 ; male=b_1 ; age=b_11 ; grocery=0 $ 
create ; if (store>=11) grocery=1 $ 
create ; if (store=-999) grocery=-999 $ 
?                                                                                      $ 
?  The following statements create binary variables to indicate if ANY premium is paid $ 
?                                                                                      $ 
create ; pfree=0 $  
create ; if (A_5_1>1) pfree=1 ; if (A_5_1=-999) pfree=-999 $  
create ; org=0 $  
create ; if (A_5_2>1) org=1 ; if (A_5_2=-999) org=-999 $  
create ; local=0 $  
create ; if (A_5_3>1) local=1 ; if (A_5_3=-999) local=-999 $  
create ; famfarm=0 $  
create ; if (A_5_4>1) famfarm=1 ; if (A_5_4=-999) famfarm=-999 $  
create ; OProud=0 $  
create ; if (A_5_5>1) OProud=1 ; if (A_5_5=-999) OProud=-999 $  
dstat ; rhs= id, a_5_1, a_5_2, a_5_3, a_5_4, a_5_5, pfree, org, local, famfarm, oproud $ 
 
 
/*                                PESTICIDE FREE                                        * / 
/*                                                                                      * / 
/*  The following probit asks What variables influence if the consumer will pay ANY premium */ 
/*                                                                                      * / 
?probit ; lhs=pfree ; rhs=one, inc_hhm, male, age, posths, children, hindex, loc_sup, CityBurb, 
grocery ; marginal effects $ 
/*                                                                                     * / 
/*  For those who will pay a premium for PF, what amount are they willing to pay        * / 
/*                                                                                      * / 
reject ; pfree=0$ 
create ; pfree1=A_5_1-1 $ 
?grouped; lhs=pfree1; rhs=one,inc_hhm, male, age, posths, children, hindex, loc_sup, CityBurb, 
grocery ;  
?limits=2.3,3.21,3.91,4.32,4.61, 5.01$ 
create; exponent=3.677+(.00354*inc_hhm)-(.075*male)-(.01*age)+(.383*posths) $ 
create ; exponent=exponent-(.041*children)+(.005*hindex) +(.039*loc_sup)-(.348*cityburb)-
(.284*grocery) $ 
create; wtp_loc=exp(exponent) $ 
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dstat; rhs=wtp_loc;quantiles$ 
 
 
/*                                Organic                                        * / 
/*                                                                                      * / 
/*  The following probit asks What variables influence if the consumer will pay ANY premium */ 
/*                                                                                      * / 
?probit ; lhs=pfree ; rhs=one, inc_hhm, male, age, posths, children, hindex, loc_sup, CityBurb, 
grocery ; marginal effects $ 
/*                                                                                     * / 
/*  For those who will pay a premium for PF, what amount are they willing to pay        * / 
/*                                                                                      * / 
reject ; org=0$ 
create ; org1=A_5_1-1 $ 
?grouped; lhs=org1; rhs=one,inc_hhm, male, age, posths, children, hindex, loc_sup, CityBurb, 
grocery ;  
?limits=2.3,3.21,3.91,4.32,4.61, 5.01$ 
create; exponent=4.024+(.00425*inc_hhm)-(.168*male)-(.018*age)+(.402*posths) $ 
create ; exponent=exponent-(.081*children)+(.002*hindex) +(.195*loc_sup)-(.298*cityburb)-
(.259*grocery) $ 
create; wtp_org=exp(exponent) $ 
dstat; rhs=wtp_org;quantiles$ 
 
 
/*                                Local                                        * / 
/*                                                                                      * / 
/*  The following probit asks What variables influence if the consumer will pay ANY premium */ 
/*                                                                                      * / 
?probit ; lhs=pfree ; rhs=one, inc_hhm, male, age, posths, children, hindex, loc_sup, CityBurb, 
grocery ; marginal effects $ 
/*                                                                                     * / 
/*  For those who will pay a premium for PF, what amount are they willing to pay        * / 
/*                                                                                      * / 
reject ; local=0$ 
create ; local1=A_5_1-1 $ 
?grouped; lhs=local1; rhs=one,inc_hhm, male, age, posths, children, hindex, loc_sup, CityBurb, 
grocery ;  
?limits=2.3,3.21,3.91,4.32,4.61, 5.01$ 
create; exponent=3.371+(.00415*inc_hhm)-(.087*male)-(.004*age)+(.626*posths) $ 
create ; exponent=exponent-(.073*children)+(.001*hindex) +(.121*loc_sup)-(.59*cityburb)-
(.097*grocery) $ 
create; wtp_loc=exp(exponent) $ 
dstat; rhs=wtp_loc;quantiles$ 
 
 
/*                                Family                                      * / 
/*                                                                                      * / 
/*  The following probit asks What variables influence if the consumer will pay ANY premium */ 
/*                                                                                      * / 
?probit ; lhs=pfree ; rhs=one, inc_hhm, male, age, posths, children, hindex, loc_sup, CityBurb, 
grocery ; marginal effects $ 
/*                                                                                     * / 
/*  For those who will pay a premium for PF, what amount are they willing to pay        * / 
/*                                                                                      * / 
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reject ; famfarm=0$ 
create ; famfarm1=A_5_1-1 $ 
?grouped; lhs=famfarm1; rhs=one,inc_hhm, male, age, posths, children, hindex, loc_sup, CityBurb, 
grocery ;  
?limits=2.3,3.21,3.91,4.32,4.61, 5.01$ 
create; exponent=3.455+(.00362*inc_hhm)-(.069*male)-(.004*age)+(.49*posths) $ 
create ; exponent=exponent-(.118*children)+(.002*hindex) +(.011*loc_sup)-(.451*cityburb)-
(.107*grocery) $ 
create; wtp_fam=exp(exponent) $ 
dstat; rhs=wtp_fam;quantiles$ 
 
/*                               Ohio Proud                                     * / 
/*                                                                                      * / 
/*  The following probit asks What variables influence if the consumer will pay ANY premium */ 
/*                                                                                      * / 
?probit ; lhs=pfree ; rhs=one, inc_hhm, male, age, posths, children, hindex, loc_sup, CityBurb, 
grocery ; marginal effects $ 
/*                                                                                     * / 
/*  For those who will pay a premium for PF, what amount are they willing to pay        * / 
/*                                                                                      * / 
reject ; oproud=0$ 
create ; oproud1=A_5_1-1 $ 
?grouped; lhs=oproud1; rhs=one,inc_hhm, male, age, posths, children, hindex, loc_sup, CityBurb, 
grocery ;  
?limits=2.3,3.21,3.91,4.32,4.61, 5.01$ 
create; exponent=3.006+(.00889*inc_hhm)-(.108*male)-(.006*age)+(.645*posths) $ 
create ; exponent=exponent-(.113*children)+(.002*hindex) +(.130*loc_sup)-(.217*cityburb)-
(.126*grocery) $ 
create; wtp_pro=exp(exponent) $ 
dstat; rhs=wtp_pro;quantiles$ 
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APPENDIX D 
 

L imdep Program for  Conjoint Analysis 
 
 
read  ;file=c:\data\conjoint_limdep.xls ;format=xls  ;names $ 
skip 
create ; if(choice=3) choice=-999 $ 
create ; if(price1=0) p1=4 $ 
create ; if(price1=1) p1=3.5 $ 
create ; if(price1=2) p1=3 $ 
create ; if(price1=3) p1=2.5 $ 
create ; if(price1=4) p1=2 $ 
create ; if(price2=0) p2=4 $ 
create ; if(price2=1) p2=3.5 $ 
create ; if(price2=2) p2=3 $ 
create ; if(price2=3) p2=2.5 $ 
create ; if(price2=4) p2=2 $ 
create ; deltaP=p1-p2 $ 
create ; deltaPsq=deltap*deltap $ 
create ; netincsq=netinc*netinc $ 
create ; INC_HHM=income/hholdsiz $ 
create ; age =0 $ 
create ; if (b_11<=49) age=1  $ 
create ; inc=0 $ 
create ; if (income<42500) inc=1  $ 
create ; local1=0 ; local2=0 ; unknown1=0 ; unknown2=0 ; state1=0 ; state2=0 ; us1=0 ; us2=0 $ 
create ; deltaloc= d1-d2 $ 
create ; if (d1=0) unknown1=1 ; if (d2=0) unknown2=1 ; deltaunk=unknown1-unknown2 $ 
create ; if (d1=1) US1=1 ; if (d2=1) US2=1 ; deltaUS=US1-US2 $ 
create ; if (d1>=2) state1=1 ; if (d2>=2) state2=1 ; deltaOH=state1-state2 $ 
create ; dif1=local1-s1 $ 
create ; dif2=local2-s2 $ 
create ; dif3=state1-s1 $ 
create ; dif4=state2-s2  $ 
create ; dif5=us1-f1 $ 
create ; dif6=us2-f2 $ 
create ; dif7=state1-f1 $ 
create ; dif8=state2-f2 $ 
create ; dif9=unknown1-f1 $ 
create ; dif10=unknown2-f2 $ 
create ; dif11=unknown1-s1 $ 
create ; dif12=unknown2-s2 $ 
create ; dif13=local1-f1 $ 
create ; dif14=local2-f2 $ 
create ; dif15=us1-s1 $ 
create ; dif16=us2-s2 $ 
create ; genxoh=gender*deltaoh $ 
create ; agexunk=age*deltaunk $ 
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create ; gender=gender*deltaunk $ 
create ; unkxf=dif9*dif10 $ 
create ; unkxs=dif11*dif12 $ 
create ; usxf=dif5*dif6 $ 
create ; incxp=deltap*inc $ 
create ; usxs=dif15*dif16 $ 
create ; agexf=b_11*deltaf $ 
create ; genxf=gender*deltaf $ 
create ; genxs=gender*deltas $ 
create ; agexs=b_11*deltas $ 
create ; metrs=CityBurb*deltas $ 
create ; locs1=loc_sup*deltas $ 
create ; locs2=loc_sup*deltaf $ 
create ; locs3=loc_sup*deltaoh $ 
create ; locs4=loc_sup*deltaunk $ 
reject ; grocery=1 $ 
dstat ; rhs=choice, p1, p2, d1, d2, s1, s2, f1, f2, deltap, deltas, deltaf,  
posths, age, gender, cityburb, hindex, sindex, inc, loc_sup, deltaunk, deltaoh $ 
 
probit ; lhs=choice ; rhs=one, deltap, deltaoh, deltaunk, deltas, deltaf,  
genxoh, metrs, locs1, agexf, unkxf, usxs; marginal effects $ 
 
reset; 
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APPENDIX E 
 
 

L impdep Results for  Conjoint Analysis (Direct and Grocery) 
 
 

Direct 
 
Descr i pt i ve St at i st i cs 
Al l  r esul t s based on nonmi ssi ng obser vat i ons.  
========================================================================= 
Var i abl e        Mean         St d. Dev.         Mi ni mum         Maxi mum      Cases 
========================================================================= 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  
Al l  obser vat i ons i n cur r ent  sampl e 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  
CHOI CE    . 516886931      . 499837094      . 000000000      1. 00000000       2043 
P1        3. 00351124      . 707511940      2. 00000000      4. 00000000       2136 
P2        2. 99485019      . 694219475      2. 00000000      4. 00000000       2136 
D1        1. 48970037      1. 11194776      . 000000000      3. 00000000       2136 
D2        1. 50889513      1. 12202372      . 000000000      3. 00000000       2136 
S1        . 498127341      . 500113575      . 000000000      1. 00000000       2136 
S2        . 485955056      . 499919737      . 000000000      1. 00000000       2136 
F1        . 489232210      . 500001096      . 000000000      1. 00000000       2136 
F2        . 491104869      . 500037934      . 000000000      1. 00000000       2136 
DELTAP    . 866104869E- 02  1. 00084034     - 2. 00000000      2. 00000000       2136 
DELTAS    . 121722846E- 01  . 759539957     - 1. 00000000      1. 00000000       2136 
DELTAF   - . 187265918E- 02  . 707931813     - 1. 00000000      1. 00000000       2136 
POSTHS    . 789272031      . 407923260      . 000000000      1. 00000000       2088 
AGE       . 516853933      . 499832880      . 000000000      1. 00000000       2136 
GENDER    . 177203065E- 01  . 362565757     - 1. 00000000      1. 00000000       2088 
CI TYBURB  . 550781250      . 497536064      . 000000000      1. 00000000       2048 
HI NDEX    38. 4000861      26. 0011309      . 000000000      100. 000000       2064 
SI NDEX    59. 9581725      17. 5832653      6. 25000000      100. 000000       2072 
I NC       . 265917603      . 441924046      . 000000000      1. 00000000       2136 
LOC_SUP   . 123076923      . 328604486      . 000000000      1. 00000000       2080 
DELTAUNK  . 655430712E- 02  . 638319016     - 1. 00000000      1. 00000000       2136 
DELTAOH   . 514981273E- 02  . 752495723     - 1. 00000000      1. 00000000       2136 

Matrix: LastDsta

[22,7]

 
- - > pr obi t  ;  l hs=choi ce ;  r hs=one,  del t ap,  del t aoh,  del t aunk,  del t as,  del t af ,  
    genxoh,  met r s,  l ocs1,  agexf ,  unkxf ,  usxs;  mar gi nal  ef f ect s $ 
 
 * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *  
 *  NOTE:  Del et ed    312 obser vat i ons wi t h mi ssi ng dat a.  N i s now   1824 *  
 * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *  
 
Nor mal  exi t  f r om i t er at i ons.  Exi t  st at us=0.  
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+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
|  Bi nomi al  Pr obi t  Model                        |  
|  Maxi mum Li kel i hood Est i mat es                |  
|  Model  est i mat ed:  May 26,  2006 at  03: 48: 20PM. |  
|  Dependent  var i abl e               CHOI CE     |  
|  Wei ght i ng var i abl e                 None     |  
|  Number  of  obser vat i ons             1824     |  
|  I t er at i ons compl et ed                  6     |  
|  Log l i kel i hood f unct i on       - 883. 6700     |  
|  Rest r i ct ed l og l i kel i hood     - 1262. 717     |  
|  Chi  squar ed                    758. 0934     |  
|  Degr ees of  f r eedom                   11     |  
|  Pr ob[ Chi Sqd > val ue]  =         . 0000000     |  
|  Hosmer - Lemeshow chi - squar ed =   1. 71791     |  
|  P- val ue=  . 98847 wi t h deg. f r .  =       8     |  
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
+- - - - - - - - - +- - - - - - - - - - - - - - +- - - - - - - - - - - - - - - - +- - - - - - - - +- - - - - - - - - +- - - - - - - - - - + 
| Var i abl e |  Coef f i c i ent   |  St andar d Er r or  | b/ St . Er . | P[ | Z| >z]  |  Mean of  X|  
+- - - - - - - - - +- - - - - - - - - - - - - - +- - - - - - - - - - - - - - - - +- - - - - - - - +- - - - - - - - - +- - - - - - - - - - + 
          I ndex f unct i on f or  pr obabi l i t y 
 Const ant        . 06682340      . 03451184     1. 936   . 0528 
 DELTAP        - . 64620004      . 03834291   - 16. 853   . 0000     . 00712719 
 DELTAOH        . 75464949      . 06634331    11. 375   . 0000    - . 00219298 
 DELTAUNK       . 05341642      . 06562951      . 814   . 4157     . 01315789 
 DELTAS         . 51979775      . 07255499     7. 164   . 0000     . 01315789 
 DELTAF         . 89349917      . 16829834     5. 309   . 0000    - . 00986842 
 GENXOH         . 28837795      . 10361240     2. 783   . 0054    - . 00164474 
 METRS         - . 13822562      . 09289615    - 1. 488   . 1368     . 00932018 
 LOCS1         - . 18238034      . 13443518    - 1. 357   . 1749     . 00219298 
 AGEXF         - . 00595573      . 00323343    - 1. 842   . 0655    - . 33168860 
 UNKXF          . 04504213      . 07254944      . 621   . 5347     . 03015351 
 USXS           . 13928467      . 07645443     1. 822   . 0685    - . 00548246 
 

Matrix: LastOutp

[12,4]

 
 
 
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
|  Par t i al  der i vat i ves of  E[ y]  = F[ * ]    wi t h |  
|  r espect  t o t he vect or  of  char act er i st i cs.  |  
|  They ar e comput ed at  t he means of  t he Xs.  |  
|  Obser vat i ons used f or  means ar e Al l  Obs.   |  
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
+- - - - - - - - - +- - - - - - - - - - - - - - +- - - - - - - - - - - - - - - - +- - - - - - - - +- - - - - - - - - +- - - - - - - - - - + 
| Var i abl e |  Coef f i c i ent   |  St andar d Er r or  | b/ St . Er . | P[ | Z| >z]  | El ast i c i t y|  
+- - - - - - - - - +- - - - - - - - - - - - - - +- - - - - - - - - - - - - - - - +- - - - - - - - +- - - - - - - - - +- - - - - - - - - - + 
          I ndex f unct i on f or  pr obabi l i t y 
 Const ant        . 02661122      . 01368931     1. 944   . 0519 
 DELTAP        - . 25733760      . 01527646   - 16. 845   . 0000    - . 00350151 
 DELTAOH        . 30052565      . 02642816    11. 371   . 0000    - . 00125820 
 DELTAUNK       . 02127213      . 02613618      . 814   . 4157     . 00053436 
 DELTAS         . 20700015      . 02890009     7. 163   . 0000     . 00519985 
 DELTAF         . 35582005      . 06702036     5. 309   . 0000    - . 00670366 
 GENXOH         . 11484135      . 04125823     2. 783   . 0054    - . 00036060 
 METRS         - . 05504588      . 03699469    - 1. 488   . 1368    - . 00097945 
 LOCS1         - . 07262970      . 05353714    - 1. 357   . 1749    - . 00030408 
 AGEXF         - . 00237176      . 00128762    - 1. 842   . 0655     . 00150188 
 UNKXF          . 01793722      . 02889278      . 621   . 5347     . 00103259 
 USXS           . 05546763      . 03045279     1. 821   . 0685    - . 00058056 
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+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
|  Fi t  Measur es f or  Bi nomi al  Choi ce Model  |  
|  Pr obi t    model  f or  var i abl e CHOI CE     |  
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
|  Pr opor t i ons P0= . 479167   P1= . 520833  |  
|  N =    1824 N0=     874   N1=     950  |  
|  LogL =  - 883. 66995 LogL0 = - 1262. 7167  |  
|  Est r el l a = 1- ( L/ L0) ^ ( - 2L0/ n)  = . 38994  |  
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
|      Ef r on |   McFadden  |   Ben. / Ler man  |  
|     . 35473 |     . 30018  |        . 67858  |  
|     Cr amer  |  Veal l / Zi m.  |      Rsqr d_ML  |  
|     . 35605 |     . 50565  |        . 34007  |  
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
|  I nf or mat i on  Akai ke I . C.  Schwar z I . C.   |  
|  Cr i t er i a         . 98209    1857. 44535  |  
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
Fr equenci es of  act ual  & pr edi ct ed out comes 
Pr edi ct ed out come has maxi mum pr obabi l i t y.  
Thr eshol d val ue f or  pr edi ct i ng Y=1 = . 5000 
            Pr edi ct ed 
- - - - - -   - - - - - - - - - -   +  - - - - -  
Act ual       0    1  |   Tot al  
- - - - - -   - - - - - - - - - -   +  - - - - -  
  0       630  244  |     874 
  1       192  758  |     950 
- - - - - -   - - - - - - - - - -   +  - - - - -  
Tot al      822 1002  |    1824 
 
======================================================================= 
Anal ysi s of  Bi nar y Choi ce Model  Pr edi ct i ons Based on Thr eshol d =  . 5000 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  
Pr edi ct i on Success 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  
Sensi t i v i t y = act ual  1s cor r ect l y pr edi ct ed                   79. 789% 
Speci f i c i t y = act ual  0s cor r ect l y pr edi ct ed                   72. 082% 
Posi t i ve pr edi ct i ve val ue = pr edi ct ed 1s t hat  wer e act ual  1s  75. 649% 
Negat i ve pr edi ct i ve val ue = pr edi ct ed 0s t hat  wer e act ual  0s  76. 642% 
Cor r ect  pr edi ct i on = act ual  1s and 0s cor r ect l y pr edi ct ed     76. 096% 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  
Pr edi ct i on Fai l ur e 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  
Fal se pos.  f or  t r ue neg.  = act ual  0s pr edi ct ed as 1s          27. 918% 
Fal se neg.  f or  t r ue pos.  = act ual  1s pr edi ct ed as 0s          20. 211% 
Fal se pos.  f or  pr edi ct ed pos.  = pr edi ct ed 1s act ual  0s        24. 351% 
Fal se neg.  f or  pr edi ct ed neg.  = pr edi ct ed 0s act ual  1s        23. 358% 
Fal se pr edi ct i ons = act ual  1s and 0s i ncor r ect l y pr edi ct ed    23. 904% 
======================================================================= 
- - > r eset ;  
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Grocery 
 
 

========================================================================= 
Var i abl e        Mean         St d. Dev.         Mi ni mum         Maxi mum      Cases 
========================================================================= 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  
Al l  obser vat i ons i n cur r ent  sampl e 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  
CHOI CE    . 517241379      . 499825771      . 000000000      1. 00000000       2030 
P1        3. 01615970      . 708098178      2. 00000000      4. 00000000       2104 
P2        2. 98859316      . 710369575      2. 00000000      4. 00000000       2104 
D1        1. 49524715      1. 11274817      . 000000000      3. 00000000       2104 
D2        1. 46958175      1. 11191473      . 000000000      3. 00000000       2104 
S1        . 503802281      . 500104403      . 000000000      1. 00000000       2104 
S2        . 496673004      . 500107792      . 000000000      1. 00000000       2104 
F1        . 506653992      . 500074576      . 000000000      1. 00000000       2104 
F2        . 481939163      . 499792486      . 000000000      1. 00000000       2104 
DELTAP    . 275665399E- 01  1. 00068952     - 2. 00000000      2. 00000000       2104 
DELTAS    . 712927757E- 02  . 743618615     - 1. 00000000      1. 00000000       2104 
DELTAF    . 247148289E- 01  . 709528528     - 1. 00000000      1. 00000000       2104 
POSTHS    . 773437500      . 418709372      . 000000000      1. 00000000       2048 
AGE       . 501901141      . 500115248      . 000000000      1. 00000000       2104 
GENDER    . 000000000      . 308072316     - 1. 00000000      1. 00000000       2024 
CI TYBURB  . 670588235      . 470114870      . 000000000      1. 00000000       2040 
HI NDEX    43. 9215686      25. 9066985      . 000000000      100. 000000       2040 
SI NDEX    51. 3310185      15. 2579483      6. 25000000      93. 7500000       2016 
I NC       . 277566540      . 447904797      . 000000000      1. 00000000       2104 
LOC_SUP   . 178137652      . 382725434      . 000000000      1. 00000000       1976 
DELTAUNK - . 123574144E- 01  . 638620239     - 1. 00000000      1. 00000000       2104 
DELTAOH   . 475285171E- 03  . 759470097     - 1. 00000000      1. 00000000       2104 

Matrix: LastDsta

[22,7]

 
- - > pr obi t  ;  l hs=choi ce ;  r hs=one,  del t ap,  del t aoh,  del t aunk,  del t as,  del t af ,  
    genxoh,  met r s,  l ocs1,  agexf ,  unkxf ,  usxs;  mar gi nal  ef f ect s $ 
 
 * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *  
 *  NOTE:  Del et ed    279 obser vat i ons wi t h mi ssi ng dat a.  N i s now   1825 *  
 * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *  
 
Nor mal  exi t  f r om i t er at i ons.  Exi t  st at us=0.  
 
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
|  Bi nomi al  Pr obi t  Model                        |  
|  Maxi mum Li kel i hood Est i mat es                |  
|  Model  est i mat ed:  May 26,  2006 at  03: 52: 01PM. |  
|  Dependent  var i abl e               CHOI CE     |  
|  Wei ght i ng var i abl e                 None     |  
|  Number  of  obser vat i ons             1825     |  
|  I t er at i ons compl et ed                  6     |  
|  Log l i kel i hood f unct i on       - 837. 0090     |  
|  Rest r i ct ed l og l i kel i hood     - 1264. 439     |  
|  Chi  squar ed                    854. 8594     |  
|  Degr ees of  f r eedom                   11     |  
|  Pr ob[ Chi Sqd > val ue]  =         . 0000000     |  
|  Hosmer - Lemeshow chi - squar ed =  14. 26588     |  
|  P- val ue=  . 07509 wi t h deg. f r .  =       8     |  
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
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+- - - - - - - - - +- - - - - - - - - - - - - - +- - - - - - - - - - - - - - - - +- - - - - - - - +- - - - - - - - - +- - - - - - - - - - + 
| Var i abl e |  Coef f i c i ent   |  St andar d Er r or  | b/ St . Er . | P[ | Z| >z]  |  Mean of  X|  
+- - - - - - - - - +- - - - - - - - - - - - - - +- - - - - - - - - - - - - - - - +- - - - - - - - +- - - - - - - - - +- - - - - - - - - - + 
          I ndex f unct i on f or  pr obabi l i t y 
 Const ant        . 05300073      . 03549257     1. 493   . 1354 
 DELTAP        - . 90081800      . 04287144   - 21. 012   . 0000     . 02356164 
 DELTAOH        . 57880960      . 06509706     8. 891   . 0000     . 00712329 
 DELTAUNK      - . 29224049      . 06711283    - 4. 354   . 0000    - . 01205479 
 DELTAS         . 21654431      . 08915485     2. 429   . 0151    - . 00493151 
 DELTAF         . 78500028      . 16517595     4. 753   . 0000     . 01369863 
 GENXOH        - . 07178141      . 10971511     - . 654   . 5129     . 00493151 
 METRS          . 00570912      . 10274082      . 056   . 9557    - . 00821918 
 LOCS1          . 05600608      . 12958691      . 432   . 6656    - . 00054795 
 AGEXF         - . 00320436      . 00316298    - 1. 013   . 3110    1. 19232877 
 UNKXF         - . 12596678      . 07595296    - 1. 658   . 0972     . 03616438 
 USXS           . 18650782      . 07582260     2. 460   . 0139    - . 00109589 
 

Matrix: LastOutp

[12,4]

 
 
 
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
|  Par t i al  der i vat i ves of  E[ y]  = F[ * ]    wi t h |  
|  r espect  t o t he vect or  of  char act er i st i cs.  |  
|  They ar e comput ed at  t he means of  t he Xs.  |  
|  Obser vat i ons used f or  means ar e Al l  Obs.   |  
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
+- - - - - - - - - +- - - - - - - - - - - - - - +- - - - - - - - - - - - - - - - +- - - - - - - - +- - - - - - - - - +- - - - - - - - - - + 
| Var i abl e |  Coef f i c i ent   |  St andar d Er r or  | b/ St . Er . | P[ | Z| >z]  | El ast i c i t y|  
+- - - - - - - - - +- - - - - - - - - - - - - - +- - - - - - - - - - - - - - - - +- - - - - - - - +- - - - - - - - - +- - - - - - - - - - + 
          I ndex f unct i on f or  pr obabi l i t y 
 Const ant        . 02112724      . 01411845     1. 496   . 1345 
 DELTAP        - . 35908563      . 01709612   - 21. 004   . 0000    - . 01639688 
 DELTAOH        . 23072608      . 02595211     8. 890   . 0000     . 00318519 
 DELTAUNK      - . 11649341      . 02675237    - 4. 355   . 0000     . 00272156 
 DELTAS         . 08631927      . 03553897     2. 429   . 0151    - . 00082498 
 DELTAF         . 31291817      . 06584309     4. 752   . 0000     . 00830741 
 GENXOH        - . 02861363      . 04373548     - . 654   . 5130    - . 00027347 
 METRS          . 00227578      . 04095478      . 056   . 9557  - . 362506D- 04 
 LOCS1          . 02232524      . 05165602      . 432   . 6656  - . 237078D- 04 
 AGEXF         - . 00127733      . 00126083    - 1. 013   . 3110    - . 00295159 
 UNKXF         - . 05021310      . 03027270    - 1. 659   . 0972    - . 00351929 
 USXS           . 07434607      . 03022625     2. 460   . 0139    - . 00015790 
 
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
|  Fi t  Measur es f or  Bi nomi al  Choi ce Model  |  
|  Pr obi t    model  f or  var i abl e CHOI CE     |  
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
|  Pr opor t i ons P0= . 487671   P1= . 512329  |  
|  N =    1825 N0=     890   N1=     935  |  
|  LogL =  - 837. 00904 LogL0 = - 1264. 4388  |  
|  Est r el l a = 1- ( L/ L0) ^ ( - 2L0/ n)  = . 43541  |  
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
|      Ef r on |   McFadden  |   Ben. / Ler man  |  
|     . 40161 |     . 33804  |        . 69867  |  
|     Cr amer  |  Veal l / Zi m.  |      Rsqr d_ML  |  
|     . 39699 |     . 54920  |        . 37401  |  
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
|  I nf or mat i on  Akai ke I . C.  Schwar z I . C.   |  
|  Cr i t er i a         . 93042    1764. 13010  |  
+- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - + 
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Fr equenci es of  act ual  & pr edi ct ed out comes 
Pr edi ct ed out come has maxi mum pr obabi l i t y.  
Thr eshol d val ue f or  pr edi ct i ng Y=1 = . 5000 
            Pr edi ct ed 
- - - - - -   - - - - - - - - - -   +  - - - - -  
Act ual       0    1  |   Tot al  
- - - - - -   - - - - - - - - - -   +  - - - - -  
  0       685  205  |     890 
  1       184  751  |     935 
- - - - - -   - - - - - - - - - -   +  - - - - -  
Tot al      869  956  |    1825 
 
======================================================================= 
Anal ysi s of  Bi nar y Choi ce Model  Pr edi ct i ons Based on Thr eshol d =  . 5000 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  
Pr edi ct i on Success 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  
Sensi t i v i t y = act ual  1s cor r ect l y pr edi ct ed                   80. 321% 
Speci f i c i t y = act ual  0s cor r ect l y pr edi ct ed                   76. 966% 
Posi t i ve pr edi ct i ve val ue = pr edi ct ed 1s t hat  wer e act ual  1s  78. 556% 
Negat i ve pr edi ct i ve val ue = pr edi ct ed 0s t hat  wer e act ual  0s  78. 826% 
Cor r ect  pr edi ct i on = act ual  1s and 0s cor r ect l y pr edi ct ed     78. 685% 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  
Pr edi ct i on Fai l ur e 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -  
Fal se pos.  f or  t r ue neg.  = act ual  0s pr edi ct ed as 1s          23. 034% 
Fal se neg.  f or  t r ue pos.  = act ual  1s pr edi ct ed as 0s          19. 679% 
Fal se pos.  f or  pr edi ct ed pos.  = pr edi ct ed 1s act ual  0s        21. 444% 
Fal se neg.  f or  pr edi ct ed neg.  = pr edi ct ed 0s act ual  1s        21. 174% 
Fal se pr edi ct i ons = act ual  1s and 0s i ncor r ect l y pr edi ct ed    21. 315% 
======================================================================= 
- - > r eset ;  
 


