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Abstract

This dissertation examines how individuals and producers make decisions in contexts
characterized by uncertainty, imperfect information, and evolving market institutions in the
food and agricultural system. Across three empirical studies, the work offers insights into
how consumers interpret food safety signals, how farmers navigate pesticide use in complex
input markets, and how state-level branding initiatives shape consumer demand for local
agricultural products.

The first essay examines how date labels influence household food discard decisions.
In the United States, the current open-date labeling system lacks standardized definitions,
resulting in widespread misinterpretation of common terms. Using controlled lab experiments
across two U.S. locations, the study evaluates discard behavior for three perishable products,
deli meat, eggs, and spaghetti sauce, under the labels “Use By” and “Best if Used By.” The
results show that consumers consistently discard items labeled “Use By” earlier than those
labeled “Best if Used By,” and this pattern holds across individuals with differing levels of
ambiguity aversion. These discard decisions are driven largely by perception rather than
actual spoilage, indicating that label wording alone can trigger premature disposal. The
findings highlight the importance of clear, standardized date labeling policies to help reduce
avoidable household food waste.

The second essay examines pesticide use practices among smallholder farmers in
West Bengal, India. Drawing on household survey data and focus group discussions, it
highlights how pesticide dealers serve as primary information providers and credit
intermediaries. Although farmers are aware of many risks, constraints related to advisory
access, dealer dependency, and limited availability of protective equipment shape
precautionary behavior. The analysis points to the importance of strengthening extension

services and improving regulatory oversight.



The third essay employs contingent valuation methods to estimate consumer
willingness to pay for Alabama-grown fruits and vegetables and for products carrying the
“Sweet Grown Alabama” branding label. Results indicate a positive premium for locally
produced goods, though the magnitude varies across commodities and consumer groups.
Together, these essays demonstrate how information signals, trust relationships, and place-
based identity influence decisions in food systems, informing policies aimed at improving

sustainability and market performance.
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Chapter 1!

Date Labels, Ambiguity and Food Waste

Introduction
Food waste is an issue of growing concern, having serious implications for sustainability,
resource use, and food security (Wilson and Miao, 2025; Brennan and Browne, 2021; Walia
and Sanders, 2017; Thompson, 2015; Buzby et al.,2014). Recognizing the scale and impact of
this issue, the United Nations has established food waste reduction as a global priority under
Sustainable Development Goal 12.3, which aims to halve per capita food waste by 2030
(United Nations (UN) General Assembly, 2015). In the United States, an estimated 35%—40%
of the national food supply is wasted annually, with about 42% of that, roughly 42 billion
pounds occurring at the household level (Recycle Track Systems, 2024; Buzby et al., 2014;
Hall et al., 2009; Lee et al., 2017).2 Food waste at the household level is shaped by a web of
cultural practices and situational factors and in some cases, it is avoidable (Eves et. al., 2025).
A key driver of household food waste is the widespread confusion stemming from the lack of
standardized definitions for date labels on packaged food (Davenport et al., 2019; Broad Leib
etal., 2013, 2016; Wilson et al., 2018).

Labels such as “Best Before”, “Use By,” “Enjoy By,” and “Best if Used By” are

pervasive across food packaging, yet the labels carry no standardized meaning and are

! Co-authors: Ruiqing Miao & Norbert Wilson

2 The economic burden is substantial, with average households discarding $1,365-$2,275
worth of food annually, contributing to a nationwide loss of around $160 billion (NRDC,
2013). Environmentally, food waste entails the loss of valuable inputs including 300 million
barrels of oil and over a quarter of the nation's freshwater resources (Hall et al., 2009), while
also generating methane emissions from landfills, further contributing to climate change

(FAO, 2013; Vermeulen et al., 2012).
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inconsistently regulated across states as well as the industry. > Manufacturers determine these
dates using diverse methods, ranging from accelerated shelf-life tests under extreme conditions
to simple imitation of competitors’ practices, leading to consumer confusion and unnecessary
disposal of edible food (Couch, 2025). Consumers often assign unintended meanings to these
labels, interpreting them as indicators of safety, freshness, or quality, in the absence of
formalized definitions (Ray et al., 2024; Rickard et al., 2023; Wilson et al., 2019; Wilson et al.,
2018; Wilson et al., 2017; Neff et al., 2019; Broad Leib et al., 2016; Neff, 2014; Van Boxstael
et al., 2014; Newsome et al., 2014; Theotokis et al., 2012; Wansink & Wright, 2006; Tsiros &
Heilman, 2005). These interpretations are shaped by perception, and often misperception. For
example, Wilson et al. (2018) find that “Use By’ is commonly perceived as a safety warning,
while “Best By” is viewed as a signal of quality, distinctions that shape discard decisions
regardless of actual spoilage facts. In effect, unclear date labels lead to ambiguous decision
contexts, which contribute to unnecessary food waste driven by subjective interpretation and
not by objective risk.

Ambiguity and risk are important considerations while making decisions at the
household level. A risky situation is when the probabilities of a future outcome are known
while ambiguity refers to situations in which the probabilities of outcomes are unknown
(Ellsberg, 1961; Camerer & Weber, 1992). In practice, however, decision-makers are rarely
presented with well-defined risks. Instead, they must often form subjective beliefs about
outcomes based on limited information, effectively constructing their own sense of probability.

A growing body of economic and behavioral research highlights that individuals vary in their

3 Oversight for the date label is fragmented, the United States Department of Agriculture
(USDA) regulates date labeling for meat, poultry, and certain egg products, while the Food
and Drug Administration (FDA) oversees most other items. Yet neither agency enforces
uniform standards, and state-level regulations vary widely. Even in jurisdictions with some
regulatory guidance, the USDA restricts the permissible terminology, further complicating
label interpretation (Natural Resources Defense Council, 2013).

13



tolerance for such uncertainty, a trait known as ambiguity aversion. This tendency to prefer
known risks over unknown probabilities has been shown to influence behavior across domains
including finance, insurance, and health (Dimmock et al., 2015; Ghirardato et al., 2004). In the
domain of food labeling, ambiguity is especially salient, terms like “Best Before,” “Use By,”
or “Best if Used By” are not tied to universally defined safety thresholds or expiration
probabilities. Instead, they introduce ambiguity about product quality or safety, forcing
consumers to rely on subjective interpretations.

This paper contributes to the literature by explicitly identifying ambiguity as an integral
behavioral factor in willingness to waste food products by households. While prior work has
documented confusion surrounding date labels, our study goes further by proposing that such
confusion reflects a deeper behavioral response to ambiguity, situations in which consumers
cannot assign clear probabilities to potential outcomes and has not been studied in the previous
literature because date labels such as “Use By” or “Best if Used By” lack standardized
definitions and provide no objective guidance about safety or spoilage risk. Consumers are left
to interpret them subjectively, triggering responses that depend on their individual tolerance
for ambiguity. Using a theoretical model and lab experiments, we evaluate how ambiguity
preferences and date labels influence willingness-to-discard decisions when participants are
presented with food items past their labeled dates. Specifically, this paper investigates: (i) What
is the effect of date label variation on willingness-to-discard? (ii) Does ambiguity preference
influence discard behavior when food is past its labeled date? (iii) Do the effects of label type
and ambiguity preference vary by product category? By integrating behavioral theory with
experimental data across multiple food types, this study provides a focused framework for
analyzing how ambiguity preferences and date label influence consumer behavior.

The literature on food waste has uncovered considerable heterogeneity in consumer

behavior, shaped by a range of demographic, regional, and psychological factors (Aschemann-
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Witzel, 2018a, 2018b, 2021; Bilska et al., 2020; Ellison et al., 2022; Rickard et al., 2023).
Individuals vary not only in how much food they waste, but also in the timing and motivations
behind disposal decisions (Li et al., 2020; D’Amato et al., 2023). Studies have pointed to
significant variation across locations, product types, and even between countries in how
consumers respond to date labels and freshness cues (Secondi, 2019; Weis et al., 2021).
Consumer concerns about food safety play a central role in shaping decisions at the point of
consumption. Although labels are designed to signal quality or freshness, they often intersect
with safety perceptions, leading to premature disposal of edible items (Broad Leib et al., 2016;
Qi & Roe, 2016; Schanes et al., 2018). Research has shown that consumers frequently conflate
safety and quality in their interpretation of date labels (Wilson et al., 2018), and that such
confusion is especially common in younger or less-informed households (Van Garde &
Woodburn, 1987). These behavioral patterns suggest that food waste decisions are affected not
only by the observable characteristics of the product but also by how consumers perceive and
process uncertainty. As such, incorporating behavioral factors, especially those related to how
individuals respond to unclear or poorly defined information, has become increasingly
important in advancing our understanding of household food waste.

While ambiguity aversion has been widely studied in fields such as finance, health, and
insurance (Ellsberg, 1961; Camerer & Weber, 1992; Dimmock et al., 2015; Trautmann & van
de Kuilen, 2015), it remains underexplored in the context of food consumption decisions. This
is notable given that consumers frequently face ambiguous cues, particularly in the form of
vague or inconsistently defined date labels. Foundational work in decision theory (Becker &
Brownson, 1964; Gardenfors & Sahlin, 1982; Einhorn & Hogarth, 1986) has long recognized
that ambiguity shapes belief formation, and recent studies (Peysakovich & Karmarkar, 2016;
Baillon et al., 2018; Arend, 2020) have refined the measurement of ambiguity preferences.

Dimmock et al. (2015) further highlight substantial heterogeneity in ambiguity aversion,
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underscoring its relevance for explaining behavioral variation. Traditional models of food
waste behavior typically assume risk-based decision-making, where consumers evaluate the
likelihood of harm from consuming expired food (Wilson and Miao, 2025; Lusk and Coble,
2005). However, decisions based on date labels rarely involve known probability. Labels such
as “Best if Used By” or “Use By” offer no scientifically defined thresholds, rendering them
inherently ambiguous. In such settings, individual ambiguity preferences become central,
where ambiguity-averse consumers are more likely to discard food as a precaution, whereas
ambiguity-loving individuals may be more inclined to consume it despite uncertainty.

In the ambiguity literature, two polar models are often cited, MaxMin, which reflects
pessimistic decision-making based on worst-case beliefs, and MaxMax, which assumes
optimistic evaluation using best-case scenarios. While these models provide useful benchmarks
for understanding behavior under uncertainty, they are limited by their inability to capture the
variability in consumer attitudes towards ambiguity and uncertainty across contexts. To address
these limitations, Chateauneuf et al. (2007), Dimmock et al. (2015) and Chateauneuf et al.
(2024) introduce the a-MaxMin model, which flexibly captures ambiguity preferences by
weighting best- and worst-case scenarios. This framework accommodates heterogeneity in
consumer behavior, particularly in settings involving ambiguous date labels, by allowing the
degree of pessimism or optimism to vary across individuals. We posit that a consumer’s
willingness to discard food in response to date labels depends on their ambiguity preferences,
specifically the weight they assign to the worst-case interpretation of the label. The a-MaxMin
model thus provides a theoretically grounded basis for linking individual ambiguity aversion
to observable discard behavior and serves as the foundation for both our experimental design
and empirical estimation strategy.

This study empirically investigates the effect of date labels on food discard behavior while

accounting for individual heterogeneity in ambiguity preferences, by conducting a series of lab
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experiments in two separate locations. Our sample consists of non-student adults drawn from
diverse socioeconomic backgrounds to ensure generalizability of the results across wider
population. Participants were asked to evaluate three commonly consumed food products, deli
meat, eggs, and spaghetti sauce, each presented with one of two date label types: “Use By” or
“Best if Used By.” To elicit individual ambiguity preferences, we employed Ellsberg-style
choice tasks in which participants selected between options involving known and unknown
probability distributions. These tasks provided a behavioral measure of preference towards
ambiguity. Following the experiment, participants completed a survey collecting demographic
information and additional details related to their food consumption and decision to discard.
Given the hierarchical structure of the data and potential heterogeneity across individuals and
experimental sessions, we analyze the results using a multilevel mixed effects model to account
for variation at both the participant and session levels.

By integrating behavioral theory with experimental data across multiple food types, this
study develops a clear framework for examining how date labels influence consumer discard
behavior while controlling ambiguity preferences. Empirical results indicate that products
labeled “Use By” are approximately 5.8 to 5.9 percentage points more likely to be discarded
than those labeled “Best if used By,” even after accounting for socio-economic and
demographic factors. The effect is most pronounced for deli meat, where the likelihood of
discard increases by roughly 15-16 percentage points under a “Use By” label. In contrast, eggs
exhibit a negative and significant association, with “Use By” labels reducing discard likelihood
by about 6-7 percentage points, while spaghetti sauce falls in between, showing an average
increase of around 10 percentage points. Although ambiguity aversion is accounted for, it does
not exert a direct or significant influence on discard behavior, suggesting that the wording of
the label itself, rather than differences in ambiguity preferences, primarily drives consumer

responses.
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This article makes a twofold contribution. First, it empirically disentangles the effect of
date labels from underlying ambiguity preferences, offering a clearer understanding of how
labeling influences food discard decisions independent of risk or uncertainty attitudes. Second,
by comparing products with differing shelf lives, eggs, deli meat, and spaghetti sauce, it
uncovers the heterogeneous effects of date labels across food categories, thereby providing
policy-relevant insights into how targeted labeling interventions can more effectively reduce
household food waste.

Conceptual Framework

This section presents the conceptual framework, drawing on the a-maxmin model to formally
structure the role of ambiguity and date labels in decision-making. Consider a consumer
deciding whether to discard a food item that is one day past its printed date. For analytical
simplicity, we assume the food can be in one of two states: a 'Bad' state, in which consumption
leads to foodborne illness, and a 'Good' state, in which consumption results in no adverse
consequences. For simplicity, we normalize the consumer’s utility from consuming the food
item under the ‘Good’ state to be & = 0. The consumer’s utility from consuming the food item

under ‘Bad’ state is u < 0. If the consumer does not consume the food item (i.e., discarding the

food), her utility is ugy such that u < uy < .

Suppose the probability of the ‘Bad’ state is p € [0,1]. However, the consumer does not
know the exact value of p. Following Dimmock et al. (2015) and Chateauneuf et al. (2007), we
assume that the consumer believes that p is within a prior set Cs = [(1 — §)m, (1 — §)w + 5],
where § € [0,1] reflects the perceived level of ambiguity and m € [0,1] is the reference
probability that the state is ‘Bad’. The reference probability m represents the assessed
probability of the decision maker (Dimmock et al, 2015) , formed based on observable cues
such as smell, appearance, or the type of date label. The parameter § captures the degree of

uncertainty surrounding that belief (), a larger § indicates greater perceived ambiguity and a
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wider range of possible probabilities, reflecting lower confidence in the reference estimate. It
is readily checked that when § = 0 then the prior set, Cs, degenerates to . In other words, if
there is no perceived ambiguity (i.e., § = 0) or if the consumer is completely confident in the
reference probability (i.e., 1 — § = 1), then the consumer believes that the probability of the
‘Bad’ state occurring is equal to the reference probability, i.e., p = m. However, when § = 1
then Cs = [0,1], indicating that a complete perceived ambiguity in p will make the consumer
believe that the probability of the ‘Bad’ state occurring ranges between 0 and 1. Figure 1 depicts
the relationship between the perceived ambiguity, o , and the prior set, C5. We can see that as
o increases from 0 to 1, Cs expands from the reference probability 77 to [0,1]. Note that 77
is not necessarily the middle point of interval Cs, which allows ambiguity seeking behavior

(Chateauneuf et al. 2007; Dimmock et al. 2015; Chateauneuf et al. 2024).

We utilize the a-MaxMin model to depict the consumer’s utility from consuming the
food. Dimmock et al. (2015) has shown that a-MaxMin models can accommodate both
ambiguity averse and ambiguity seeking behaviors and that this type of models are consistent
with ambiguity attitudes expressed by a representative sample of U.S. population. Axiomatic
foundations for the a-MaxMin model can be found in Ghirardato et al. (2004) and Eichberger
et al. (2011). Specifically, the consumer’s utility from consuming the food can be written as,

V(a,8,m) = amingec, {pu + (1-p)0} + (1-a) maxyec,{ pu + (1- p)u}

= o minyec, {pu} + (1-a) maxyec { pu}, (1)

where a € [0,1] is the measure of ambiguity aversion. In the equation, a = 1 indicates
maximum ambiguity aversion, focusing entirely on the worst possible outcome reflecting a
highly cautious or ambiguity-averse attitude. In contrast, a consumer with o = 0 pays attention
only to the best-case scenario, reflecting an optimistic, ambiguity-seeking approach. Note that

the second equality holds in equation (1) because we set u = 0.
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Because Cs = [(1-8)m, (1-6)mt + 8] and u < 0O, equation (1) can be re-written as,

V(a,§,m) = a[(1-6)m + 8]u + (1-a)[(1-8)mt]u
= [(1-8)mt + ad]u. (2)

The consumer will consume the food item if V > ug and discard the food item if V < u,.
Based on equation (2), it is readily checked that dV/da = éu < 0. This indicates that
everything else equal, an increase in ambiguity aversion will decrease the utility from
consuming the food, causing potential increase in food waste. Intuitively, when the consumer
is more ambiguity averse (i.e., with a larger & ), she leans towards being more pessimistic and
puts more weight on the worst-case scenario (i.e., p = (1-8)mt + 8). It is also readily checked
that dV/ dn = (1-6)u < 0, indicating that everything else equal, if the reference probability, m,
increases, then the consumer values the food less. This is quite intuitive because a larger
reference probability of the food item being ‘Bad’ will decrease the consumer’s willingness to
consume.

Based on equation (2) we can also obtain dV /96 = (a¢ — m)u. Because u < 0, we have

<0 ifa>nm

AV/ddi=0 ifa=m 3)
>0 ifa<m.

Equation (3) indicates that when the consumer is quite ambiguity averse, then an increase in
the perceived level of ambiguity, o , decreases the utility from consuming the food. When the
consumer is ambiguity seeking, then an increase in & increases the utility from consuming the
food. Lastly, when the consumer is ambiguity neutral (i.e., @ =7T) then an increase in o has
no impact on the utility. Figures 2 and 3 include visual presentations of utility V' as a function
of m and § under a given value of a. Here we summarize the findings above as the following
remark:

Remark 1. 4An increase in ambiguity aversion (i.e., @) or in the reference probability of the

‘Bad’ state occurring (i.e., w) decrease the utility from consuming the food item. When the
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consumer is ambiguity averse (respectively, neutral, or seeking), then an increase in the level
of perceived ambiguity (i.e. d) will decrease (respectively, have no impact, or increase) the

utility from consuming the food item.

Date labels

In this study, we consider two common types of date labels “Use By” and “Best if Used By.”
Both include a textual phrase followed by a calendar date (for example, “Use By May 8, 2025”
or “Best if Used By May 8, 2025”") and are widely used on retail food packaging. Despite their
similar format, consumers interpret these labels quite differently. Drawing on the experimental
findings of Wilson et al. (2018), we posit that “Best if Used By” labels are generally associated
with product quality and taste, while “Use By” labels are more closely linked to concerns about
safety and potential spoilage. This divergence in interpretation introduces an important
dimension of ambiguity into consumer decision-making. The type of label may influence both
the perceived ambiguity surrounding the product and the consumer’s subjective probability of
an adverse outcome (denoted 7). In particular, “Use By” labels may signal a higher likelihood
of spoilage or health risk, thereby increasing the perceived probability m of harm, whereas the
lack of clear standardization across both labels heightens uncertainty regarding how much risk
or quality loss the date truly conveys. Together, these factors blur the boundary between safety

and quality judgments, embedding ambiguity directly into household food discard decisions.

It is reasonable to assume that m,, > m,,, where m,, and m,, are the reference
probabilities under date labels ‘Use by’ and ‘Best if Used By’, respectively. In other words, the
reference probability of the ‘Bad’ state occurring under ‘use by’ is higher than the reference
probability under ‘best if used by’. Based on Remark 1, we can conclude the consumer will

evaluate the food item labelled as ‘use by’ less than ‘best if used by’, or V(«a,§,my,) <
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V(a,d,my). In terms of food waste, one would expect that everything else equal, ‘Use By’

date label would cause more waste than does ‘Best if Used By.’

In terms of the perceived ambiguity under the date labels, it reasonable to believe that
‘use by’ provides more accurate information about the quality than does ‘best if used by’
(Wilson et al. 2018). That is, &, < 8, where &, O, stand for the level of perceived
ambiguity under date labels ‘use by’, ‘best by’ respectively. Based on Remark 1, we can
conclude that if the consumer is ambiguity averse, then everything else equal, the consumer
will evaluate the food item with ‘use by’ higher than the food item with ‘best by’. That is,
V(a, 8y, m) > V(a, 8y, m). Similarly, if the consumer is ambiguity neutral (respectively,
ambiguity seeking), then we will have V(a, 8, ™) = V (@, by, ) (respectively, V(a, 8y, m) <
V(a, &y, m)). In terms of food waste, if the date labels only influence the consumer’s perceived
ambiguity, we can conclude that
Remark 2. Under the conjecture that 'Use By' label is perceived to offer more information than
the 'Best if Used By' label, entailing lower perceived ambiguity by assumption, for ambiguity-
averse consumers, this clarity would lead to less food waste in case of the ‘use by’ label. If the
consumer is ambiguity neutral, then the two type of date labels do not affect food waste; if the
consumer is ambiguity seeking, then ‘use by’ leads to the more food waste.

Date labels affect both reference probability () and perceived ambiguity (8)

When date labels affect both the perceived ambiguity and reference probability, then the
impact of the date label on food waste becomes more complicated. When the consumer is
completely ambiguity seeking or a = 0, then the sufficient condition for V (a, 8y, ) <
V(a, 8pp, myp) , would be (1 — 8y,) 1y, > (1 — Syp) Ty, The confidence on the reference
probability of bad is higher for ‘use by’ date label (as the perceived ambiguity conveyed is
lower) as well as the reference probability of ‘bad’ is higher than ‘best if used by’. The food

item with ‘best if used by’ label would be valued more than the one with “use by’ label. If the
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consumer a > 0, then then evaluation of the ‘use by’ compared with ‘best if used by’ would
depend on the difference in values of perceived ambiguity and reference probability.

V(a, by ) < V (@, S, Top), 1 (2 = Sup) Ty, — (2 = Sbp) o = @ (Sp — Sup)

V (@, 8up, Tup) > V(@) Sy ), 1 (I = )Ty, — (1 = ST < A(Spb — Sup)-

The food waste will depend on the difference in the perceived level of ambiguity that both
date labels present to the decision maker. If 6, > &, is significantly high, then we might see
that food wasted will be lower for “use by’ date labels then’ best if used by’.

We summarize the findings in this sub-section as Remark 3 as follows:

Remark 3. (1) When the consumer is completely ambiguity seeking (@ = 0), the “Best if
Used By” label leads to less food waste than the “Use By” label if (1 — &yp)myp > (1 —
Obb)Tpp; that is, when “Use By” conveys both higher confidence in spoilage and lower
ambiguity. (2) When the consumer is ambiguity averse (¢ > 0), the relative effect of the two
labels on food waste depends on whether the difference in perceived ambiguity (8, — 6yp) 18
large enough to offset the difference in reference probabilities. Specifically, food waste under
“Use By” will be lower than under “Best if Used By” if (1 — 8,,)myp — (1 — Spp) Ty <
a(Spp — Sup)-

Based on Remarks 1,2 and 3, we develop the following hypotheses to be tested by using the
data collected from our experiments.

Hypothesis 1. An increase in the ambiguity aversion (o) decreases the utility from consuming
the food item, thereby increasing the probability that the item will be discarded.

This follows directly from the theoretical model (Remark 1), which shows that higher
ambiguity aversion leads consumers to place more weight on worst-case outcomes, reducing

their willingness to consume potentially risky food items.
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Hypothesis 2. Consumers are more likely to discard food when it carries a ‘Use By’ label
compared to a ‘Best if Used By’ label, due to the stronger safety signal and lower perceived
ambiguity.

Hypothesis 3. The effect of date labels on food discard decisions depends on the level of

ambiguity aversion.

Experiment Design and Data

The experiment was conducted over sixteen laboratory sessions between November 2016 and
March 2017 at two locations in the United States, one in the northern region and one in the
southern. A total of 211 non-student adult participants were recruited from the local
communities. After excluding five individuals due to incomplete responses, the final sample
comprised 206 participants. The use of a non-student sample was intentional to enhance the

external validity and generalizability of the findings.

Each participant completed three components as part of the experimental session. The
first component was designed to measure individual attitudes toward ambiguity using an
adaptation of the Ellsberg two-urn paradigm, following the approach outlined in Dimmock et
al. (2015). Ambiguity aversion, denoted by a in our theoretical model, is inherently a
behavioral parameter that cannot be directly observed. It reflects an individual’s tendency to
avoid options where the probability distribution of outcomes is uncertain or ill-defined.
Consistent with Dimmock et al., (2015), we infer this latent trait by constructing an Ambiguity
Aversion index (AA) from observed choice behavior in the two-urn task. Specifically, we
classify individuals based on their willingness to select ambiguous options across a range of

probability scenarios.

Participants were asked to make a series of choices between two options: one involving

a known (unambiguous) probability distribution, and the other involving an unknown
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(ambiguous) distribution. In each scenario, both options involved losses rather than gains. Since
the context of this study concerns food safety, the loss framing of the ambiguity elicitation task
was particularly relevant, mirroring the perceived negative risk associated with consuming food
that may have spoiled. In one representative question, Option A stated: “Lose $5 if balls 1-50;
$0 if balls 51-100,” corresponding to a urn containing exactly 50 red and 50 orange balls while,
Option B stated: “Lose $5 if your decision color; $0 if not,” corresponding to an urn with 100
red and orange balls, the ratio of which was unknown to the participant. Figure 2 provides an
illustration of this choice. articipants could also select “No Preference,” indicating that the two
options were equally undesirable. Such a choice identifies the indifference point, or matching

probability, at which the participant perceives the ambiguous and risky options as equivalent.

To approximate this indifference point, we employed a sequence of adaptive rounds. If
the participant chose the known probability urn (Option A), the known probability of loss was
decreased in the next round; if the participant chose the ambiguous urn (Option B), the known
probability of loss would be increased. Beginning from the 50% benchmark, this iterative
adjustment converged toward the probability level at which the participant was just indifferent
between the two options. This matching probability represents the minimum known probability
of loss at which the participant is willing to switch away from the ambiguous option, and it
forms the basis for constructing the ambiguity aversion index. The structure of the task enabled
the elicitation of a matching probability. This is the minimum probability in the risky urn at
which the participant is indifferent between the risky and ambiguous options presented. The
matching probability serves as a behavioral measure of ambiguity preference. Individuals who
require a relatively high known probability to be indifferent to the ambiguous lottery are
classified as ambiguity averse, while those who are willing to choose the ambiguous option

even when the known probability is relatively high are considered ambiguity seeking. The
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matching probabilities obtained from this task were subsequently used to calculate the

ambiguity aversion parameter (AA) for each participant.

From the conceptual framework, if the probability of ‘Bad’ state occurring ‘p’ is known
for sure, then the expected utility from consuming the food item would be pu. We follow
Dimmock et al. (2015) to define matching probability, m, as a known probability such that

mu + (1 —m)u = mu =V . Therefore, we have,

m=(1-6)n+ abd. 4)
Then we define an index of ambiguity aversion as AA = m — m = (o — m)6. The consumer
is ambiguity averse if AA > 0, ambiguity neutral if AA = 0, and ambiguity seeking if A4 < 0.
Except a trivial case under which § = 0 and AA = 0, the consumer’s ambiguity preferences
are:
Ambiguity averse (i.e.,AA > 0): if a>mand § >0,

Ambiguity neutral (i.e.,AA = 0): ifa =mand § >0, (5)
Ambiguity seeking (i.e.,AA < 0): if a<mandd > 0.

The second part of the experiment assessed participants’ food discard behavior in
response to date labels. Each participant was shown one vignette for each of three food items:
eggs, deli meat, and spaghetti sauce. These items were selected to represent a range of shelf
lives and spoilage perceptions. For each item, participants were randomly assigned to one of
four conditions that varied by date label (“Use By ” or “Best if Used By ") and price ($3 or $4).
Each participant encountered only one label-price combination per product and was asked
whether they would consume or discard the item one day past the stated date. The responses to
these vignette questions provided a measure of the willingness to consume (or equivalently,
willingness to discard) under controlled label and price conditions. The combinations were

balanced across participants to ensure equal representation of all treatment cells.
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The third component of the experiment was a post-survey that gathered detailed
socioeconomic and demographic data. Participants reported their age, gender, income, marital
status, educational attainment, and household size. They were also asked to interpret the
meanings of “Use By and “Best if Used By labels to assess their baseline understanding of
date labeling. To further account for potential heterogeneity in food safety sensitivity, we
collected data on family composition, with particular attention to the presence and age of
children. Households with young children may exhibit greater caution in food consumption
decisions, particularly when uncertainty about spoilage is involved. To explore this dynamic,
we categorized child-related household data into three groups: (i) number of children under age
18, (i1) number of children between ages 5 and 18, and (iii) number of children under age 5.
This classification allowed us to examine whether discard behavior varied based on parental

concern about different age groups.

Table 2 presents the descriptive statistics for the participant sample. The respondents
were predominantly female, with an average age of approximately 40 years. Most participants
identified as Caucasian, and held at least a bachelor’s degree. The average household size was
2.76, and a substantial proportion of participants reported having children in the household.
This demographic profile, along with the use of non-student participants, enhances the external
validity of the findings, particularly in relation to real-world food purchase and consumption
behavior. Together, the three components of the experiment ambiguity elicitation, vignette-
based consumption decisions, and background data, provide a rich dataset for examining how
individual ambiguity preferences, label types, and perceived food risk interact to influence food

discard behavior.
Empirical framework
This study primarily investigates how individual-level ambiguity aversion influences

consumers’ willingness to use or discard food products specifically eggs, deli meat, and
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spaghetti sauce, when the item is one day past the printed date label. In addition, we examine
whether the effect of date label variation (“Use By” versus “Best if Used By”) on discard
decisions is affected by ambiguity preferences, controlling for product type, price, and other
individual characteristics. Since price may influence both perceived quality and the willingness
to accept uncertainty, we include high- and low-price conditions in our design and account for

these in the empirical specification.

The dependent variable is binary and coded as 1 if the participant indicated they would
discard the food item, and O otherwise. The key independent variables of interest are the
participant’s ambiguity aversion (as measured through the Ellsberg-style matching task), an
indicator for the date label (“Use By” versus “Best if Used By”), and the interaction between
these two variables. In addition, we control for the price level of the product (coded 1 for high
price, $4, and 0 for low price, $3), as well as a comprehensive set of demographic and

socioeconomic characteristics.
The basic empirical model is specified as follows:
Yvi:ﬁ()—i_ﬂIAAi—’_ﬁZDL—i_ﬂ_? (AA, XDL) +ﬁ4Pricej+ Zj Oc,-X} +8i (6)

Where, Yi is the willingness to discard for participant i (1 = discard, 0 = use), AA; is the
ambiguity aversion index of participant i, DL is an indicator variable for the “Use By” label
(relative to the base “Best if Used By”), Price; is a dummy for high price for good j, X; is a
vector of control variables for participant 7, including age, gender, race, income, education, and

household characteristics, ¢; is the error term.

We employ a mixed-effects generalized linear model (MEGLM) to account for the
hierarchical structure of the data, where multiple product-level discard decisions are nested
within individuals, and individuals are grouped within experimental sessions. This nesting

implies that observations are not independent: participants vary in their inherent likelihood of
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discarding food, and sessions may introduce shared contextual influences. To capture this
unobserved heterogeneity, the model includes random intercepts at both the participant and

session levels, allowing baseline discard tendencies to vary across these clusters.

Because the discard outcome is binary, a logistic link function is appropriate. A
standard OLS specification would ignore the nonlinearity of the decision and could produce
fitted values outside the [0,1] range. Likewise, a conventional logit or probit model would
impose independence of observations, which is violated when repeated measures are taken
from the same individuals. Failing to account for this dependence can lead to underestimated
standard errors and unreliable inference (Besley and Case 2000; Bertrand, Duflo, and
Mullainathan 2004). The MEGLM framework directly addresses this by modeling correlation
within clusters via random effects, yielding consistent estimates and valid inference under the
experimental design. To further protect against minor distributional misspecification, we

report robust standard errors throughout.

Formally, the model is estimated as a two-level nonlinear specification with random
effects at both the participant and session levels. The structure of the mixed-effects model is

given by:

Y=Xp + Zy + ¢ (7)

Equation (7) represents a linear mixed-effects model, where Y is the vector of binary responses
indicating willingness to discard. Matrix X contains observed covariates associated with fixed
effects (B), including ambiguity aversion, date label indicators, product type dummies,
interaction terms, price treatment, and participant-level demographic controls such as age,
gender, race, education, and income. The matrix Z contains covariates associated with random
effects (y), capturing unobserved heterogeneity across participants. In our specification, we

allow the intercept to vary randomly at the individual level, so Z includes a column of ones
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indicating participant-specific random intercepts. The error term & captures idiosyncratic

disturbance.

We assume that the random effects vector y has mean zero and covariance matrix D,
that is, E(y) = 0 and Var(y) = D. Furthermore, the random effects y and the residual errors € are

assumed to be uncorrelated: Cov(y, €) =0, and y ~ N (0, D).

For our study the model specification is:

Yi=Bo+pB;-AA; + B, DL, + B3-DM; + B, - EGG; + 5 - AA; - DL; + B - AA; - DM; + 3,

. AAl . EGGl + :88 . AAl . DLl . DMl + ,89 . AAl . DLl . EGGl + ,810 . Price]-

+Zak-Xik+ei

k

To explore heterogeneity, the model includes interaction terms between ambiguity
aversion and each food group. These include two-way interactions (AA; x DL;, AA; X DM;, and
AA; x EGG;) as well as three-way interactions (AA; X DL;i x DM; and AA; x DL; X EGG:;). These
terms allow us to assess whether the influence of ambiguity aversion on discard behavior differs
depending on both the label type and the specific product. The variable Price; is a dummy equal
to 1 if product j was presented at a high price, and 0 otherwise. The model also controls for a
set of individual-level characteristics denoted by Xic, which includes variables such as age,
gender, income, education, race, and household composition. The error term & captures
unobserved factors. Standard errors are clustered at the individual level to account for repeated

observations from each participant.

Results
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Observed Discard Behavior by Label, Product, and Ambiguity Preferences

Figure 3 displays the distribution of ambiguity aversion scores across participants in our
sample. The majority of respondents cluster around the neutrality point, indicating that a
substantial share of participants exhibit ambiguity-neutral behavior. However, the distribution
is spread on both sides of zero, with a noticeable proportion displaying either ambiguity-
seeking or ambiguity-averse tendencies. The shape of the distribution resembles a bell curve
but is not perfectly symmetric, suggesting heterogeneity in how individuals perceive and
respond to uncertain situations. This variation in ambiguity preferences is central to our
analysis, as it allows us to examine how discard decisions under different date labels vary across

these distinct behavioral types.

Figure 4a illustrates participants’ average willingness to discard food items by date label
type. The proportion of respondents willing to discard was notably higher under the "Use By"
label (17%) compared to the "Best By" label (11%). We next examine how willingness-to-
discard (WTD) behavior varies jointly by ambiguity aversion, label type, and product category,
as illustrated in Figure 4b. The figure disaggregates discard rates by three ambiguity preference
groups namely ambiguity-seeking (< 0), ambiguity-neutral (= 0), and ambiguity-averse (> 0),
across “Best By” and “Use By” labels for deli meat, eggs, and spaghetti sauce. Across all
groups, discard rates are consistently highest for deli meat, particularly under the “Use By”
label. Among ambiguity-seeking individuals, 39% discarded deli meat under “Use By,”
compared to 23% for eggs and 15% for spaghetti sauce. Even ambiguity-neutral participants
show heightened sensitivity to deli meat under “Use By,” with a striking 41% choosing to

discard.

Among ambiguity-averse individuals, discard rates remain elevated for deli meat (28%
under “Use By” and 22% under “Best By”), but the gap between label types narrows somewhat.

Discard rates for eggs and spaghetti sauce are generally lower across all ambiguity groups,
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though “Use By” labels consistently elicit higher discard rates than “Best By,” especially for
eggs. These patterns suggest that label framing interacts with both product-specific perceptions
and individual ambiguity preferences, particularly amplifying caution for highly perishable or
risk associated items like deli meat. While the figure provides a detailed snapshot of discard
behavior across subgroups, it does not control for additional covariates such as price sensitivity,

demographic characteristics, or contextual session-level factors.

Building on the descriptive evidence in Figures 3 and 4, we now turn to formal
regression results to examine how product type, label framing, and ambiguity aversion jointly
shape participants’ discard decisions. Table 3 presents the mixed effects generalized linear
model results, incorporating random intercepts at both the individual and session levels.
Column (1) shows the model without controls, while Columns (2) through (4) introduce
demographic and household-level variables, including the presence of children in various age
groups. Table 4 reports the corresponding average marginal effects, offering a more
interpretable measure of effect sizes. Across all specifications, the presence of a “Use By”
label significantly increases the probability that a product is discarded compared to a “Best By”
label. This pattern is consistent in both coefficient estimates (Table 3) and average marginal
effects (Table 4). The magnitude of the effect is notable where participants are approximately
5.8 to 5.9 percentage points more likely to discard a product when it carries a “Use By” label

than “Best if used by”, controlling for socio-economic and demographic variables.

This result aligns with our conceptual framework that “Use By” labels serve as an
indication of food safety or stronger perception for expiration, leading to more disposal. The
effect holds even after adjusting for individual and household-level covariates. The finding is
particularly relevant considering current labeling policy debates. While “Best By” labels are

often intended to convey quality, “Use By’ labels are interpreted by consumers as warnings
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against potential health risks. Our results confirm that label wording alone can significantly

alter consumer behavior, even in the absence of visible spoilage or other safety indicators.

We next examine the role of ambiguity aversion in shaping discard behavior. Across all
four model specifications in Table 3, the main effect of ambiguity aversion is not statistically
significant. This suggests that ambiguity preferences, when considered in isolation, do not exert
a uniform or direct influence on the probability of discarding a food product. While the
estimated coefficients on ambiguity aversion are not statistically significant, the signs are

directionally consistent with theoretical expectations.

This lack of a significant main effect should not be interpreted as evidence that
ambiguity aversion is behaviorally irrelevant. Rather, the results point to the importance of
contextual interaction. The psychological influence of ambiguity preferences may only
manifest under combinations of product type and label framing, conditions in which

informational uncertainty or perceived risk is especially salient.

This interpretation is consistent with prior behavioral theory: ambiguity aversion does
not necessarily lead to over-caution across all decisions, but rather shapes behavior selectively,
especially when cues are vague or the stakes of uncertainty (such as perceived foodborne illness
risk) are higher. As we show in the following subsection, this effect becomes more apparent
through interaction terms, where ambiguity aversion meaningfully amplifies discard responses

in certain settings.

To examine whether the behavioral effect of ambiguity aversion varies across label
framing and product types, we include interaction terms that capture how individuals respond
to combinations of ambiguity and information clarity. Across specifications (Table 3), none of
the interaction terms, Meat X Ambiguity, Egg x Ambiguity, Use By X Ambiguity, or the three-

way interaction Use By x Meat x Ambiguity, reach conventional levels of statistical
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significance. While the estimated coefficients show directions that are broadly consistent with
theoretical expectations, the large standard errors limit our ability to draw firm inferences. For
example, the negative signs on Meat x Ambiguity and Egg x Ambiguity suggest that
ambiguity-averse individuals may be more likely to discard these products under ambiguous
labeling compared to spaghetti sauce. Meanwhile, the positive coefficient on Use By x
Ambiguity implies that ambiguity aversion may also increase discard behavior even under

more definitive labels, again relative to spaghetti sauce with a “Best By” label.

Although none of these effects are statistically robust, the directional patterns mirror
those observed in the descriptive data (e.g., Figure 4b), where discard behavior was highest for
deli meat and varied across ambiguity types. Taken together, these results suggest that spaghetti
sauce serves as a relatively low-risk, stable reference point, against which sensitivity to
ambiguity and labeling becomes more pronounced for perishable items. While we are cautious
in interpreting the interactions due to imprecision, the coefficients provide suggestive evidence
that ambiguity aversion may interact with product type and label clarity in shaping food discard

decisions.

By contrast, the effect of eggs, relative to spaghetti sauce, is negative and statistically
significant across all models. The marginal effects indicate that participants are 9 to 10
percentage points less likely to discard eggs, controlling for other factors. This likely reflects
both cultural familiarity with egg shelf-life and a lower perceived risk of spoilage, particularly
compared to deli meat. These results reinforce the conclusion that product-specific perceptions,

rather than price, are stronger predictors of discard behavior in this experimental context.

Predicted Probabilities by Ambiguity, Label Type, and Product

Figures 5a through 5d present predicted probabilities of discard behavior derived from the four

MEGLM specifications in Table 3. Each plot shows the probability of discard on the y-axis,
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against ambiguity aversion on the x-axis. Separate panels are shown for “Best By” (left) and
“Use By” (right) labels, and product types, spaghetti sauce (SS), eggs, and deli meat. These
plots help visualize the joint influence of ambiguity aversion, label framing, and product risk

on discard decisions.

In Figure 5a, which reflects the baseline model without any demographic controls, deli
meat exhibits a declining discard probability across ambiguity aversion levels under both label
types. That is, ambiguity-seeking individuals are more likely to discard deli meat than
ambiguity-averse individuals, regardless of whether the product is labeled “Best if used By” or
“Use By.” This downward slope appears particularly strong under “Best if used By.” However,
because this model does not control for household characteristics or individual socio-
demographics, it is possible that some of the behavioral variation attributed to ambiguity
aversion in this model may in fact be confounded by unobserved demographic traits. In other
words, what appears to be a psychological response to ambiguity might partly reflect
underlying differences in household size, parental status, or food handling norms. For eggs and
spaghetti sauce, discard probabilities remain low overall, and while egg discard increases

modestly with ambiguity aversion, spaghetti sauce remains relatively flat.

In Figure 5b, where controls are added for the presence of children under age five, the
shape of the predicted curves changes notably. Under the “Best By” label, the negative slope
for deli meat remains, but now must be interpreted with more nuance. Since demographic
variation is now accounted for, the persistence of this pattern suggests that ambiguity-averse
individuals are less likely to discard deli meat when the label is vague. However, this should
not be interpreted as evidence that ambiguity aversion lacks relevance. Rather, it reflects a shift
in how participants interpret “Best By” labels, particularly for high-risk items like deli meat. In
this setting, ambiguity-averse individuals view “Best By’ less as a warning about safety, and

more as a signal of diminished taste or freshness. For these individuals, product evaluation
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relies more on sensory cues or subjective judgment, leading to lower discard rates despite the
presence of label ambiguity. Meanwhile, under the “Use By” condition, discard probabilities
for deli meat remain high and flat, indicating that clearer safety cues drive uniformly cautious
responses regardless of ambiguity preferences. Eggs and spaghetti sauce remain low in discard

probability, with minor and statistically indistinct variation across ambiguity levels.

Across all four specifications, the visual patterns suggest that ambiguity aversion exerts
the greatest behavioral influence when informational clarity is low and perceived product risk
is high, but that influence is complex. It may indicate that individuals do not interpret “Best
By” labels as safety cutoffs for meat. Ambiguity-averse individuals believe the product is still
safe to consume and associate the label more with taste degradation than spoilage risk. Under
“Use By,” the strength of the safety cue appears to override individual ambiguity preferences
altogether, producing flat discard responses across the spectrum. For less perishable products
like eggs and spaghetti sauce, ambiguity aversion has only a modest effect, with discard

probabilities remaining low and stable.

Robustness checks

To ensure the stability of our findings, we conduct a series of robustness checks using both
OLS and mixed-effects models separately for each product type, deli meat, eggs, and spaghetti
sauce. These are presented in Tables C1-C3, followed by marginal effects in Table C4 and a
pooled OLS specification in Table C5. Across these specifications, we examine how our main
explanatory variables, ambiguity aversion, date labels, and price, perform under alternative

estimation strategies and with varying sets of controls, including child demographics.

For deli meat (Table C1), both OLS and mixed-effects specifications confirm that the
“Use By” label significantly increases the likelihood of discarding the product, with marginal

effects ranging from 0.15 to 0.16 and consistently significant across specifications.
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Interestingly, ambiguity aversion is not significant when considered alone, but its interaction
with the label type becomes positive and significant only when socio-economic controls and
child-related covariates are included in the mixed-effects models. This reinforces our earlier
insight that ambiguity aversion plays a role only when individual heterogeneity is adequately
controlled for, possibly due to the confounding influence of unobserved demographic traits in

simpler models. Price is not statistically significant in any of the specifications.

In the case of eggs (Table C2), ambiguity aversion shows a positive and statistically
significant association with the discard decision in the base OLS models, though the effect
weakens when controls are introduced. The “Use By” label again exerts a negative and
significant effect, participants are less likely to discard eggs under this stricter labeling
condition. Notably, price plays a significant role here: higher prices are associated with a
reduced likelihood of discarding eggs, possibly reflecting stronger attachment or value
perception among consumers. This result is consistent across both estimation strategies and

under all model specifications with controls.

For spaghetti sauce (Table C3), the patterns are more muted. Neither ambiguity aversion
nor price is significant in any of the specifications. However, the date label continues to be a
robust predictor: the “Use By” condition consistently increases the discard probability across
both OLS and MEGLM models, even after accounting for socio-demographic controls. This
finding reinforces the notion that label language affects consumer discard behavior even for

products with relatively lower perceived perishability.

Marginal effects reported in Table C4 are largely consistent with the regression findings.
For meat, the marginal effect of ambiguity aversion remains negative across all three
specifications, while the effect of the “Use By” label is positive and significant. For eggs,
ambiguity aversion has a modest but consistently positive marginal effect, while price

continues to show a significant negative relationship with discard decisions. In contrast, for
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spaghetti sauce, ambiguity aversion and price show no clear directional influence, but the effect
of the “Use By” label remains positive and significant, reaffirming the interpretation drawn

from regression results.

Lastly, Table C5 presents a pooled OLS model combining all products, offering further
validation. Here, the “Use By” label remains a consistently significant driver of discard
behavior. Product type interacts meaningfully with both label and ambiguity aversion: discard
rates are highest for meat and lowest for spaghetti sauce, and the “Use By” x Egg interaction
is significantly negative, highlighting that stricter labeling is less effective in prompting discard
for eggs relative to the baseline (spaghetti sauce). Importantly, the full model confirms that

meat carries a higher inherent discard probability, even after controlling for all covariates.

Taken together, the robustness checks strongly support our primary results. They
demonstrate that while ambiguity aversion’s standalone effect is inconsistent, it becomes more
predictive when considered in interaction with product and label types under appropriate model
controls. Moreover, the consistent influence of date label language across products and

methods highlights the centrality of labeling in shaping consumer discard decisions.

Taken together, the findings offer a mixed evaluation of Hypothesis 1 proposes that
greater ambiguity aversion should increase the likelihood of discarding food products past their
printed dates. Across our MEGLM and OLS specifications, the main effect of ambiguity
aversion is not statistically significant. However, the direction of the coefficient is positive in
all models, aligning with the theoretical prediction that ambiguity-averse individuals are more
inclined to discard food items. The marginal effect plots reinforce this pattern for meat,
particularly in the model without demographic controls. These findings suggest while
ambiguity aversion may influence discard behavior, its effect is not robust when demographic

and socio-economic factors are accounted for. We do not find strong statistical support for
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Hypothesis 1, yet the directional consistency with theory, especially for higher-risk products,

implies that ambiguity preferences may still shape discard decisions in subtle ways.

Hypothesis 2 posits that consumers are more likely to discard food items labeled with a
“Use By” date than those labeled “Best if Used By,” due to the stronger safety signal and
reduced perceived ambiguity. This hypothesis finds consistent support in our empirical
analysis. Across all models, the “Use By” label is associated with a higher likelihood of discard
relative to the “Best By” baseline, and this effect is statistically significant for several product
types, particularly for eggs and deli meat. Marginal effects plots further reveal that discard
probability rises noticeably under the “Use By” condition, especially for products like eggs that
are familiar but still carry moderate spoilage risk. These results are well aligned with the
theoretical prediction that the “Use By” label raises the reference probability of harm (m),
reducing the perceived utility from consumption and prompting discard, especially among

consumers with moderate to high ambiguity aversion.

Hypothesis 3 predicts that the effect of date labels on discard decisions will vary
depending on the individual’s level of ambiguity aversion. The theory suggests that ambiguity-
averse individuals should be more sensitive to ambiguous signals like “Best if used By” labels
and more responsive to the relative clarity of “Use By” labels. While our interaction terms
between ambiguity aversion and label types are statistically insignificant, their signs are
generally consistent with theoretical expectations. For meat products, the marginal effects
indicate that discard rates under “Best if used By” labels increase modestly with ambiguity
aversion, whereas the response to “Use By” labels is flatter or even slightly negative. This
pattern is consistent with the notion that ambiguity-averse individuals perceive the “Use By”
label as less ambiguous and therefore make discard decisions less dependent on their aversion

levels. Thus, although Hypothesis 3 is not strongly supported by statistical significance, the
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directionality of the interaction effects and the heterogeneity observed across products lend

partial support to its behavioral implications

Discussion

This study set out to explore how ambiguity aversion and perceived product safety interact in
shaping food discard decisions, guided by an @ — MaxMin framework. The model predicts
that higher ambiguity aversion («), a higher reference probability of spoilage (), and greater
perceived ambiguity (§) all reduce the utility from consumption, thereby increasing the
likelihood of discarding a food item. The empirical results, particularly the mixed-effects model
estimates and marginal probability plots, provide evidence that partially supports these
theoretical expectations while also highlighting product-specific and labeling-related nuances

in consumer behavior.

For deli meat, a product with high safety concerns and limited sensory cues, our results
are broadly consistent with theoretical predictions. Although the main coefficient for ambiguity
aversion is not statistically significant, the predicted probabilities demonstrate a clear upward
trend in discard likelihood with increasing a. This suggests that ambiguity aversion plays a
meaningful, though subtle, role in shaping consumer behavior for high-risk products. Notably,
in the base model (Figure 5a), where demographic factors are not controlled for, ambiguity
aversion captures more than just individual attitudes toward uncertainty; it appears to proxy for
a mix of unobserved consumer characteristics, potentially inflating its observed influence.
However, once controls are introduced (Figures 5b—5d), the pattern becomes more stable and
interpretable: discard probability rises modestly with ambiguity aversion under “Use By’ labels

but remains low and relatively flat under “Best By” labels.

These patterns offer insights into how label interpretations interact with consumer

preferences. Under the “Use By” condition, typically interpreted as a safety-related signal,
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ambiguity aversion is associated with slightly higher discard probabilities across all products.
Yet this effect is more pronounced for spaghetti sauce and eggs, while meat exhibits a relatively
flat or even declining trend. This may reflect a re-evaluation of ambiguity not purely as a safety
signal, but as an indicator of degraded taste or freshness. The downward slope of discard
probability with rising ambiguity aversion under “Best By” for meat (Figure 5d) is particularly
noteworthy. Rather than contradicting the theoretical model, this suggests that when safety
concerns are lower, ambiguity is tolerated if consumers perceive the risk to lie in quality rather
than health. In this context, ambiguity may even function as a signal of acceptable variability,
rather th For eggs and spaghetti sauce, products with clearer sensory cues, the influence of
ambiguity aversion is more muted. Eggs, for instance, offer strong visual or olfactory indicators
that reduce reliance on date labels. Accordingly, discard rates remain low regardless of
ambiguity preferences. This outcome underscores an important dimension of the model: the
relationship between ambiguity aversion and discard is conditional not only on a or § but also
on the informational environment surrounding the product. When consumers can resolve
uncertainty independently, through appearance, smell, or packaging integrity, the impact of
perceived ambiguity diminishes.

The interpretation of price also merits clarification. Although economic reasoning
suggests that higher prices should deter discard, the marginal effects are weak and occasionally
run counter to expectations. This may reflect the bounded nature of the discard decision in an
experimental setting, where real costs are not incurred, or it may imply that price, while
important, is often dominated by safety perceptions in consumers' mental calculus. Especially
when a food item is seen as “risky” (e.g., deli meat with a “Use By” label), even higher prices

may not be enough to override the urge to discard.

Together, the three hypotheses provide a structured lens through which to interpret the

behavioral drivers of discard decisions under date label uncertainty. While Hypothesis 1
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predicts a direct effect of ambiguity aversion on discard behavior, this receives limited
statistical support. The direction of marginal effects is largely consistent with the theoretical
model. The attenuation of this effect after controlling for demographics suggests that ambiguity
preferences may be intertwined with observable characteristics such as education and
household composition, making their independent influence more difficult to isolate
empirically. In contrast, Hypothesis 2 finds clearer validation: consumers are significantly more
likely to discard items labeled “Use By,” aligning with the model’s assumption that such labels
raise the perceived probability of harm. Hypothesis 3, which posits that ambiguity aversion
moderates the effect of label type, receives partial support. Though interaction terms are
statistically insignificant, the patterns in marginal effects suggest that ambiguity aversion plays
a nuanced role, heightening discard under ambiguous labels while dampening responsiveness
when labels are clearer. These findings reinforce the conceptual model’s behavioral
mechanisms, highlighting the nuanced ways in which ambiguity aversion and label
interpretation interact to influence discard decisions. Even where statistical precision may be
constrained, the directionality of effects and the consistency across robustness checks point
toward a meaningful role of ambiguity and consumer heterogeneity in shaping food waste

behavior.

These results carry important policy implications. While current legislative efforts,
such as the proposed Food Date Labeling Act and California’s AB 660, seek to reduce
confusion and waste through date label standardization, our findings indicate that labeling
clarity alone may not fully resolve consumer uncertainty. The heterogeneity in how consumers
interpret and respond to date labels shaped by ambiguity preferences, product type, and sensory
evaluability, suggests that a uniform labeling policy, though useful, is not sufficient.
Complementary strategies, such as risk-specific phrasing, behavioral nudges, or technological

innovations like freshness sensors, may be needed to align consumer perceptions with actual
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spoilage risk. These interventions should be tailored to product characteristics: for instance,
deli meats may benefit from freshness indicators, while lower-risk products may require clearer
communication of quality versus safety. In this way, policy can move beyond simplification
and toward targeted ambiguity management, a subtler but more effective path toward reducing

household food waste.

Conclusion

This study offers new experimental evidence on how consumer ambiguity aversion interacts
with food date labels to influence discard decisions. By integrating behavioral economic theory
with an o-maxmin utility framework, we examined how different types of date labels
specifically “Use By” and “Best if used By”, are interpreted across food products with varying

spoilage risks and sensory cues.

While ambiguity aversion does not emerge as statistically significant across all models,
this does not imply that ambiguity is behaviorally irrelevant. On the contrary, our analysis
reveals that the direction of the estimated effects aligns with theoretical predictions, suggesting
that more ambiguity-averse individuals tend to discard more, particularly in the context of
ambiguous “Best By” labels and for products where spoilage is harder to detect, such as deli
meat. This pattern, though not always significant at conventional levels, underscores the
importance of perception. How consumers perceive risk, label credibility, and product integrity

often outweighs the objective information conveyed by the label itself.

Our results point to a broader conclusion: food waste decisions are shaped as much by
subjective interpretation as by objective labeling. Standardizing date labels, as promoted by the
FDA and legislative efforts such as the Food Date Labeling Act, may reduce confusion, but

such reforms must account for the underlying behavioral processes that guide consumer
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responses. Interventions that aim to reduce waste should not only clarify label meaning but also

consider product-specific characteristics and the heterogeneity of consumer beliefs.

Future research can deepen this line of inquiry by varying the time variation from the
printed date. In our design, consumers evaluated items just one day past the label, but
subsequent work could test responses several days before or after expiration to capture
behavioral tipping points. By recognizing the interplay between perceived ambiguity, label
framing, and product context, policymakers and food manufacturers can craft more effective

strategies to reduce waste without compromising consumer safety.
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Table 1. Summary Statistics

Variable Mean Std. D Min Max
Eggs (0- use, 1-discard) 0485437 2154356 0 1
Deli Meat (0-use, 1-discard) 2815534 4508523 0 1
Spaghetti sauce (0-use, 1-dicard) .0970874 296798 0 1
Age 40.47475  14.16892 20 73
Ambiguity parameter (>0 ambiguity .0174757 .1602907 -4 45
averse, =0 ambiguity neutral; <0
ambiguity seeking)
Education Masters’ degree or higher 4660194 .5000592 0 1
Education Bachelors’ degree or higher .8592233  .3486383 0 1
Education Masters’ or PhD 4607843 499686 0 1
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Education Bachelors’ degree .3970588 490492 0 1

Education lower than bachelors’ degree 1421569 .35007 0 1
Race other .0408163  .1983712 0 1
Race Hispanic or Latino .0357143 1860521 0 1
Race Asian 1530612 .3609685 0 1
Race African .0765306 266526 0 1
Race Caucasian 6938776  .4620615 0 1
Household Income (midpoint range) in 103.3511  47.55176 10 250
I\?Iggiage (0- Single, 1- Married) 6231156 4858278 0 1
Household size 2.76 1.563529 1 11
Number of Children below 18 495 .8623766 0 4
Number of Children between 5 and 18 37 7319692 0 4
Number of Children below 5 1213592 3823293 0 2

Table 2. Mixed-Effects Regression of Willingness to Discard

Variable ) Q) Q) )
Ambiguity Aversion 1.258 0.715 0.615 0.803
(2.153) (3.381) (3.365) (3.426)
Use By 1.738%* 2.083%* 1.956* 1.966*
(0.815) (0.998) (1.068) (1.071)
Use By x Ambiguity 1.309 0.785 0.672 0.491
(3.364) (3.993) (4.075) (4.148)
Egg 0.380 1.018 0.667 0.665
(0.949) (-0.995) (1.270) (1.273)
Meat 2.623%** 3.144%%* 3.043%%* 3.059%%*
(-0.996) (1.127) (1.151) (1.151)
Ege x Ambiguity 4.724 2.481 2.943 2.920
(4.822) (5.213) (5.736) (5.828)
Meat x Ambiguity 2.026 -4.062 -4.100 4.183
(2.357) (2.657) (2.716) (2.819)
Use By x Egg _4.062%%* -5.040%** _4.617%% 4.605%**
(1.503) (1.472) (1.652) (1.640)
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Use By x Meat -0.520 -0.804 -0.707 -0.737
(1.097) (1.320) (1.405) (1.403)
Use By x Egg % 2.527 4.225 3.535 3.559
Ambiguity (6.968) (6.376) (6.863) (6.951)
Use By x Meat X -3.396 2.846 3.077 3.139
Ambiguity (5.090) (4.334) (4.450) (4.538)
Price 0.132 0.151 0.148
(0.362) (0.380) (0.381)
Children <5 0.359
(0.702)
Children < 18 0.384*
(0.217)
Children 5-18 0.414
(0.291)
Constant -4.997*** -4.544%%* -4.374%** -4.274%%*
(1.024) (1.200) (1.223) (1.217)
Table 3: Marginal Effects from MEGLM Estimating Willingness to Discard
Variable (€)) 2) 3 “4)
Ambiguity 0.0368 0.0113 0.00460 0.00825
aversion (0.0680) (0.0761) (0.0753) (0.0753)
Use By 0.0583*** 0.0590%*** 0.0593*** 0.0586***
(0.0158) (0.0208) (0.0209) (0.0215)
Egg -0.0466** -0.0375%* -0.0424** -0.0430%**
(0.0195) (0.0175) (0.0199) (0.0199)
Meat 0.181%** 0.201%** 0.198%** 0.198%**
(0.0391) (0.0422) (0.0434) (0.0434)
Price 0.00801 0.00906 0.00885
(0.0222) (0.0230) (0.0230)
Children <5 0.0217
(0.0418)
Children < 18 0.0230*
(0.0135)
Children 5-18 0.0248
(0.0184)
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Figure 1. Prior distribution set Cs expands as 9, the level of perceived ambiguity, changes
from O to 1.
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Notes: We define Cs = [(1 — 6)m, (1 — §)m + 6], where is the reference probability of
‘Bad’ state occurring, and § € [0,1] is the level of perceived ambiguity with § = 0 indicating
no ambiguity and § = 1 indicating the maximum ambiguity.

Decision Color

QO Orange
O Red
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Figure 2. Soliciting ambiguity Preferences
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Figure 3. Ambiguity aversion index dispersion
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Proportion Willing to Discard
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Figure 4a. Willingness to discard by date labels
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Figure 4b. Willingness to discard, ambiguity aversion index and date labels.
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Figure 5a: Predicted Probability of Discarding by Ambiguity Aversion, Label Type, and

Food Product (1) (MEGLM Estimates)
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Figure 5b: Predicted Probability of Discarding by Ambiguity Aversion, Label Type, and

Food Product (2) (MEGLM Estimates)
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Appendix A:

Figure A1l. Contour lines of the utility V in the m — a plane for a fixed value

Notes: The arrows indicate the directions where the value of V increases. When m = «, then
the contour line becomes T-shaped that includes the upper edge of the m — a box and the
vertical line at a.

-0.2

Figure A2. Utility as a function of reference utility and the level of perceived ambiguity,
when a = 0.6.
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Consider the following the three scenarios concerning eggs, deli meat, and spaghetti sauce that you may find
in home

Egg Question Low Best

You find in your refrigerator a carton of 12 eggs marked Best if Used by March 20, 2017, which is yesterday.
You paid $3 for the eggs. Do you

O use the eggs
(O throw out the eggs

How many eggs will you use? If you will throw out the eggs select zero.

v

Figure A3. Survey question about the decision to use/discard an egg
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Appendix C:

Table C1: Regression results for Deli Meat

Variable Deli Meat
Panel A (OLS)
@ ) 3) C)] &) (6) @) ®
Ambiguity Aversion -0.183 -0.187 -0.174 -0.145 -0.448 -0.442 -0.433
(0.197)  (0.194) (0.197) (0.283) (0.293) (0.294) (0.293)
Date Label 0.156**  0.156** 0.157**  0.158**  0.151**  0.160**  (0.148**
(0-best by; 1-use by) (0.0620)  (0.0622)  (0.0622) (0.0627) (0.0689) (0.0690) (0.0695)
Date x Ambi. Aversion -0.0560 0.614 0.627 0.596
index (0.391) (0.423) (0.424) (0.423)
Price 0.0349 0.0261 0.0256 0.0272 0.0395 0.0264
(0.0622)  (0.0630) (0.0632) (0.0699) (0.0695) (0.0700)
Socio-Economic No No No No No Yes Yes Yes
Variables
Children Age a b c
Variable Panel B (Mixed Effects Model)
@ 2 3) ) ® (6) @) ®
Ambiguity -1.420 -1.590 -1.509 -1.590 -3.505*%  -3.257* -3.366*
Aversion (1.017)  (1.028) (1.033) (1.884)  (1.829) (1.806) (1.809)
Date Label 0.894%** (. 873*** () 899*** () 899*** (.920** (.977**  (.895%*
(0-best by; 1- (0.313) (0.306) (0.319) (0.317)  (0.391)  (0.408) (0.387)
use by)
Date x Ambi. 0.128 4.086**  3.922% 3.920*
Aversion index (2.220)  (2.051) (2.028) (2.035)
Price 0.221 0.147 0.148 0.115 0.198 0.100
(0.389) (0.405) (0.404)  (0.400) (0.370) (0.402)
Socio- No No No No No Yes Yes Yes
Economic
Variables
Children Age a b c

Notes: The number of observations is 176 and number of groups are 16. Standard errors are in the
parenthesis. (* p<0.1, ** p<0.05, *** p<0.01). Ambiguity aversion parameter explained in the paper.
For the date labels, 0 means ‘best by’ and 1 means ‘use by’. Price is denoted by 0 is ‘low price’ and 1
is ‘high price’. For the dependent variable ‘meat’ 0 means use the meat and 1 means discard the meat.
Panel A shows the results of the simple regression model while Panel B shows the regression results
for the multilevel mixed effect GLM. Socio-Economic variables control for age, gender, education,
household income, race and marriage dummy. Children age ‘a’ means number of children below 18
years of age; ‘b’ means number of children below 5 years of age and ‘c’ means number of children in

the age group 5 and 18.
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Table C2: Regression results for Egg

Variable Eggs
Panel A (OLS)
@ 2) 3) “) )] (6) @) ®
Ambiguity Aversion 0.214%** 0.218** 0.221*%*  (0.308** 0.144 0.135 0.148
(0.0929) (0.0922) (0.0916)  (0.125) (0.123) (0.129) (0.122)
Date Label (0-best -0.0599**  -.0.0577* -0.0594** -0.0561* -0.0587** -0.0685** -0.0588**
by; 1-use by) (0.0295)  (0.0296) (0.0293) (0.0295) (0.0293) (0.0304) (0.0293)
Date x Ambi. -0.188 -0.0638 -0.0429 -0.0707
Aversion index (0.184) (0.182) (0.191) (0.182)
Price -0.0577* -0.0587** -0.0570*  -0.0427 -0.0501 -0.0419
(0.0296) (0.0293)  (0.0293) (0.0294) (0.0305) (0.0295)
Socio-Economic No No No No No Yes Yes Yes
Variables
Children Age a b c
Variable Panel B (Mixed Effects Model)
@ 2) 3) (€] ) (6) @) ®
Ambiguity 4.533* 4.624** 5.001%** 4.881* 2.302 2.487 2.661
Aversion * (1.960) (2.031) (2.807) (1.728) (2.417)  (1.954)
(2.043)
Date Label -1.497* -1.459* -1.508* -1.572% -2.240 -2.301 -2.256
(0-best by; 1- (0.875) (0.869) (0.848) (0.935) (1.536) (1.503)  (1.543)
use by)
Date x Ambi. 0.503 2.791 2.131 2.581
Aversion (3.698) (3.008) (3.354) (3.148)
index
Price -1.459%* -1.563**  -1.560** -1.786* -1.703*  -1.733*
(0.734) (0.720) (0.713) (1.027) (0.925) (1.014)
Socio- No No No No No Yes Yes Yes
Economic
Variables
Children Age a b c

Notes: The number of observations is 150 and the number of groups are 16. Standard errors are in the
parenthesis. (* p<0.1, ** p<0.05, *** p<0.01). Ambiguity aversion parameter explained in the paper.
For the date labels, 0 means ‘best by’ and 1 means ‘use by’. Price is denoted by 0 is ‘low price’ and 1 is
‘high price’. For the dependent variable ‘Eggs’ 0 means use the eggs and 1 means discard the eggs.
Panel A shows the results of the simple regression model while Panel B shows the regression results for
the multilevel mixed effect GLM. Socio-Economic variables control for age, gender, education,
household income, race and marriage dummy. Children age ‘a’ means number of children below 18
years of age; ‘b’ means number of children below 5 years of age and ‘c’ means number of children in
the age group 5 and 18.
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Table C3: Regression results for Spaghetti sauce

Spaghetti Sauce
Variable Panel A (OLS)
@ ) 3) 4) (5) (6) @) )
Ambiguity 0.114 0.100 0.0913 0.0368 0.0230 0.00640 0.0303
Aversion  (0.129)  (0.128) (0.128)  (0.192) (0.194) (0.194) (0.194)
Date Label 0.0937** ).0958** (0.0944** (0.0928** 0.106** 0.105** (0.105**
(0-best by; (0.0410) (0.0408) (0.0409) (0.0412) 0.0419) (0.0416) (0.0419)
1-use by)
Jate X Ambi. 0.0985 -0.0121 0.0252 -0.0198
Aversion (0.259) (0.264) (0.263) (0.265)
index
Price 0.0611 0.0597 0.0610 0.0548 0.0513 0.0549
(0.0408) (0.0409) (0.0411) 0.0424) (0.0420) (0.0425)
Socio- No No No No No Yes Yes Yes
Economic
Variables
“hildren Age a b Cc
Variable Panel B (Mixed Effects Model)
@ ) 3 4 ) (6) ™ ®
Ambiguity 1.304 1.136 1.156 0.964 0.933 0.661 1.073
Aversion 1 476y (1.252) (1.296) (1.383) (1.922) (1.968) (1.878)
Date Label (0- 1.168** 1.204** 1.198** 1.187** 1.735** 1.732%* 1. 735%*
beSt%Yy;)l'use (0.497) (0.496) (0.487) (0.530) (0.721) (0.703) (0.717)
Date x Ambi. 0.266 -1.290 -0.687 -1.424
Aversion index (2.700) (2.607) (2.863) (2.528)
Price 0.735 0.736 0.740 0.967 0.853 0.983
(0.631) (0.632) (0.651) (0.854) (0.775) (0.842)
ocio-Economic  No No No No No Yes Yes Yes
Variables
Children Age a b C

Notes: The number of observations is 176 and the number of groups are 16. Ambiguity
aversion parameter explained in the paper. For the date labels, 0 means ‘best by’ and 1 means
‘use by’. Price is denoted by 0 is ‘low price’ and 1 is ‘high price’. For the dependent variable
‘Spaghetti Sauce’ 0 means use the spaghetti sauce and 1 means discard. Panel A shows the
results of the simple regression model while Panel B shows the regression results for the
multilevel mixed effect GLM. Socio-Economic variables control for age, gender, education,
household income, race and marriage dummy. Children age ‘a’ means number of children
below 18 years of age; ‘b’ means number of children below 5 years of age and ‘c’ means
number of children in the age group 5 and 18.
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Table C4. Marginal effects for the Mixed Effects GLM

Meat (0-use; 1- discard)

Variable (a) (b) (©)
Ambiguity aversion  -0.184 -0.156 -0.179
Date label 0.153** 0.164%* 0.150%*
(0-best by; 1-use by)
Price (0-low; 1- 0.019 0.033 0.016
high)
Egg (0-use; 1- discard) Specification
Variable (a) (b) (c)
Ambiguity aversion  0.1001 0.1077 0.1109
Date Label -0.0621 -0.071 -0.062
(0-best by; 1-use by)
Price (0-low; 1- -0.064* -0.065* -0.062*
high)
Spaghetti sauce (0-use; 1-discard)
Variable (a) (b) (c)
Ambiguity aversion  -0.003 -0.004 -0.001
Date label 0.106** 0.106** 0.106*
(0-best by; 1-use by)
Price (0-low; 1-high) 0.06 0.057 0.060

Notes: The ambiguity aversion is evaluated at mean. (a) in the specification is controlling for
the number of children below 18 years; (b) is the specification where we control for the
number of children below 5 years; (¢) is controlling for the number of children in the age
group 5-18
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Table C5: OLS Regression Results-Predicting Discard Decision

Variable (1) (2) (3) (4)
Ambiguity 0.0640 0.0376 0.0477 0.0558
aversion (0.216) (0.225) (0.223) (0.224)
Use By 0.0926** 0.102** 0.101** 0.101**

(0.0466) (0.0485) (0.0484) (0.0484)
Use By x 0.0656 -0.00984 -0.0355 -0.0444
Ambiguity (0.291) (0.303) (0.301) (0.301)
Egg 0.0250 0.0433 0.0312 0.0314
(0.0465) (0.0481) (0.0481) (0.0481)
Meat 0.158*** 0.176*** 0.175%** 0.176***
(0.0465) (0.0483) (0.0481) (0.0481)
Egg x 0.251 0.109 0.107 0.107
Ambiguity (0.293) (0.304) (0.302) (0.302)
Meat x -0.218 -0.437 -0.449 -0.449
Ambiguity (0.301) (0.308) (0.306) (0.306)
Use By x Egg -0.149** -0.167** -0.156** -0.156**
(0.0659) (0.0685) (0.0684) (0.0685)
Use By x Meat 0.0644 0.0480 0.0445 0.0430
(0.0658) (0.0688) (0.0687) (0.0687)
Use By x Egg x -0.275 -0.0678 -0.0620 -0.0656
Ambiguity (0.411) (0.428) (0.426) (0.426)
Use By x Meat -0.130 0.508 0.533 0.532
x Ambiguity (0.411) (0.426) (0.424) (0.424)
Price 0.0104 0.0117 0.0119
(0.0283) (0.0283) (0.0283)
Children <5 0.0273
(0.0360)
Children < 18 0.0251
(0.0164)
Children 5-18 0.0263
(0.0191)
Constant 0.0484 0.0928 0.0971 0.103
(0.0329) (0.0748) (0.0741) (0.0740)

Notes: Standard errors are in the parenthesis. (* p<0.1, ** p<0.05, *** p<0.01). Ambiguity
aversion parameter explained in the paper. For the date labels, 0 means ‘best by’ and 1 means
‘use by’. Price is denoted by 0 is ‘low price’ and 1 is ‘high price’. For the dependent variable

“ 0 means use and 1 means discard.
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Chapter 24

From Labels to Land: Information Acquisition and Precautionary Behaviors of
Pesticide Use in India

Introduction

Agriculture is the backbone of the Indian economy, contributing roughly 18% of the gross
domestic product (GDP) and employing about 45% of the population (World Bank, 2025). Yet
pesticide use, while central to crop protection, comes at a cost, affecting farmer health,
ecosystems, and biodiversity. Occupational exposure has been linked to severe illnesses, while
pesticide runoff contaminates water bodies, accumulates in soil, and disrupts microbial
biodiversity (Antle & Pingali, 1994; Hussain et al., 2009; Mokarizadeh et al., 2015). These
risks are magnified when pesticides are not used exactly as intended, a common reality shaped
by farmers’ information sources, trust networks, and economic constraints. Our paper adopts
the view proposed by Galt (2013) that farmers are complex social actors whose pesticide use
is shaped by lived experiences, relationships, and structural constraints, rather than purely
rational decision-making. While government and industry narratives often portray pesticide
poisoning as a consequence of farmers’ unsafe practices (Galt, 2013), we emphasize that the
environments and situations in which farmers make these decisions frequently leave them with
few viable alternatives. This study contributes to the literature by offering a more holistic
understanding of farmer decision-making, one that recognizes the interplay of informational,
environmental, and structural constraints across multiple levels. Drawing on focus group
discussions and an in-depth field survey conducted in West Bengal, we identify key
informational barriers that limit farmers’ awareness of risks and safe-use practices (micro

level), examine the influence of local pesticide markets and dealer relationships that shape

4Co-authors: Samir Huseynov & Ruiqing Miao
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access and choices (meso level), and situate these within broader climatic uncertainties and
institutional contexts that frame production decisions (macro level). By positioning pesticide
use within the real-world use agenda (Mansfield et al., 2023), our study underscores how these
intertwined factors shape precautionary behavior, with implications for both farmer well-being

and global development goals.

The indiscriminate use of pesticides threatens several Sustainable Development Goals
(SDGs), notably Good Health and Well-being, Responsible Consumption and Production, and
Life Below Water (United Nations, 2024). Excessive application contaminates food, degrades
ecosystems, and disrupts aquatic and terrestrial biodiversity (Casida & Durkin, 2017; Corsini
et al., 2013), leading to chronic illnesses and developmental issues, particularly among
vulnerable populations. In countries like India, where agriculture employs a substantial share
of the workforce and often relies on family labor (World Bank, 2025; Chatzimichael et al.,
2022), these risks fall disproportionately on smallholders and rural households. While
regulation, Integrated Pest Management (IPM), and organic alternatives offer pathways toward
safer agriculture, their adoption remains low. This gap stems not only from technical or
economic barriers but also from how pesticides are used in the field, practices shaped by trust
in sellers, habitual routines, and limited engagement with safety information, reflecting the
real-world use perspective that emphasizes the social, political, and economic contexts of

pesticide decision-making (Mansfield et al., 2024).

The health and environmental risks associated with pesticide exposure are well
documented. In India, the first large-scale pesticide poisoning was reported in 1958, with over
100 fatalities from contaminated wheat flour (Karunakaran et al., 1958). Since then, numerous
studies have linked pesticide exposure to DNA damage (Lebailly et al., 2015), increased cancer
incidence (Salazar et al., 2008), allergic reactions (Bassil et al., 2007; Hoppin et al., 2009;

Slager et al., 2010), reproductive harm (Gilden et al., 2010; Keikotlhaile & Spanoghe, 2011),
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and developmental impacts from in-utero exposure (Berkowitz et al., 2004). Beyond human
health, pesticide overuse undermines ecosystem stability. Nearly 98% of pesticide chemicals
harm non-target organisms (Ali et al., 2021), while long-term accumulation alters soil microbial
communities and reduces fertility (Hussain et al., 2009; Tien & Chen, 2012). Traces are
commonly found in rivers and groundwater, with a U.S. Geological Survey study reporting
pesticide residue in 90% of water samples (Gilliom et al., 2006). Despite these well-established
risks, farmers lived experiences often diverge from what laboratory or regulatory studies

anticipate.

Many farmers continue to spray without protective gear, handle chemicals with bare
hands, or rely on dealers’ advice rather than labels or extension workers. Although most
farmers recognize the hazards of pesticide exposure, protective equipment remains
inconsistently adopted (Zilberman et al., 1993; Lichtenberg & Zilberman, 1986). This
disconnect reflects not ignorance but deeper issues of trust, comfort, and social norms, farmers
may discount official advisories or find protective gear impractical under local field conditions
(Wilson & Tisdell, 1993). Empirical evidence further shows that even informed farmers may
rationally forgo protection when faced with high equipment costs, inconvenience during
fieldwork, or personality-related factors such as carelessness (Chatzimichael, Genius, &
Tzouvelekas, 2014; Cropper, 1994; Zilberman & Castillo, 1994). In India, pesticide decisions
are also shaped by political and institutional contexts marked by market dependence, dealer
influence, and fragmented extension systems (Aga, 2019; 2021). Local retailers often serve as
“merchants of knowledge” who mediate credit, input access, and technical advice, thereby
structuring how information circulates and decisions are made (Aga, 2018). Occupying a
crucial meso-level position, these intermediaries link farmers’ everyday choices with

agribusiness interests and regulatory regimes. Collectively, these behavioral patterns reveal that
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risks emerge not only from the toxic properties of pesticides but also from the conditions under

which they are purchased, applied, and stored in everyday practice (Mansfield et al., 2024).

This study addresses the gaps by examining how information sources, precautionary
measures, and access to alternatives, such as organic pesticides and IPM systems, shape
pesticide use decisions among Indian farmers. Focusing on West Bengal, a region
representative of India’s smallholder-dominated agricultural landscape, we combine focus
group discussions with a structured survey of 441 farming households to explore the social and
behavioral dimensions of pesticide practices. Our central question is: How do farmers acquire
and interpret pesticide-related information, and how do trust, economic constraints, and risk
perceptions influence the adoption of safety measures? Guided by the real-world use agenda
(Mansfield et al., 2024) and structured within a micro-meso—macro framework (Klerkx et al.,
2012), the analysis situates pesticide decisions within farmers’ lived realities, where the micro
level captures individual perceptions, knowledge, and household characteristics; the meso level
reflects market dynamics, dealer influence, and local institutional interactions; and the macro
level encompasses broader climatic, regulatory, and policy environments. This multi-level
approach resonates with the Political Ecology of Health perspective (King, 2010; Mansfield,
2008), which views health outcomes and exposure risks as co-produced through ecological
conditions, social relations, and political-economic structures. Building on Nichols’ (2022)
analysis of inflammatory agriculture, this study extends this lens to pesticide use, recognizing
that chemical exposure and precautionary behavior are shaped not only by biological risk but
also by the social, material, and institutional contexts of farming. In line with Stone’s (2007)
general theory of agricultural knowledge production, farmers’ practices are shaped by a
combination of environmental, social, and didactic learning, where observation, peer exchange,
and formal instruction interact to shape adoption and resistance. Integrating this perspective

within the micro-meso—macro framework highlights how individual experimentation (micro)

68



is informed by community norms and dealer networks (meso) and further conditioned by

institutional and policy environments (macro).

The findings show that pesticide sellers hold considerable influence over farmers’
choices, often outweighing guidance from formal extension services. Precautionary behaviors
are associated with demographic and socioeconomic characteristics such as age, household
size, farm size, income, and health history, but the direction and magnitude of these
associations vary. While studies in sub-Saharan Africa report widespread unavailability of
protective equipment where farmers often rely on improvised tools due to the absence of proper
gear (Andersson & Isgren, 2021) our fieldwork in West Bengal reveals a different dynamic.
Here, protective equipment is generally available through local markets, yet remains
underutilized due to discomfort, perceived impracticality, and limited awareness rather than
outright inaccessibility. Patterns in personal protective equipment use thus reflect persistent
gaps in farmer education, regulatory enforcement, and safety infrastructure, underscoring the
urgency of interventions that strengthen pesticide risk awareness, expand access to safer
alternatives, and promote consistent adoption of protective measures as part of India’s

sustainable agricultural transition.

Background: Indian Agriculture and Pesticide Use

The modernization of Indian agriculture has been driven in part by the increasing use of
pesticides to combat pests, fungi, weeds, and insects. By 1952, India had established domestic
production of pesticides, and by 1958 annual output exceeded 5,000 metric tonnes. Today,
India manufactures approximately 258,130 metric tonnes of pesticides annually (Government
of India, 2023), with 104 pesticides produced domestically among the 293 registered for use
(Nayak & Solanki, 2021; Soman et al., 2024). The rapid expansion of pesticide use since the
early Green Revolution reflects a major shift in agricultural practices, with chemical inputs

becoming a key tool to mitigate crop losses (Chand & Birthal, 1997). However, this reliance
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has raised concerns over human health, environmental degradation, and biodiversity loss,
prompting debates over regulation, safer alternatives, and sustainable pest management

strategies.

India faces unique challenges in pesticide regulation and exposure control. The
Monitoring of Pesticide Residues at National Level program found residues in 28% of food
samples collected between 2018 and 2023, with 3.5% exceeding the maximum residue limits
set by the Food Safety and Standards Authority of India (Tripathy et al., 2024). Long-term,
low-dose exposure has been linked to immune suppression, hormonal imbalances, reproductive
disorders, and cancer. Despite these risks, many farmers handle highly hazardous or restricted
pesticides without adequate protective measures, increasing their vulnerability (Abdalla et al.,
2017; Banerjee et al., 2014). The consequences extend beyond individual health to agricultural
productivity, through increased absenteeism and reduced physical and cognitive performance

(Crissman et al., 1998; Loureiro, 2009).

The post-Green Revolution landscape, particularly in Punjab, Maharashtra, and Andhra
Pradesh, is characterized by high-input, monoculture systems and widespread chemical pest
control (Shetty, 2004; Subash et al., 2017). While India’s average pesticide use per hectare is
lower than in many developed countries, poor application practices and weak enforcement
amplify risks (Indira Devi et al., 2017; Abhilash & Singh, 2009). Farmers in high-use belts
often spray frequently to counter pest resurgence, guided more by informal or commercial
advice than by scientific recommendations (Shetty, 2004). Reliance on dealers or peers is
consistently associated with higher pesticide use (Houser et al., 2019; Alam & Wolff, 2016;
Pan et al., 2021), yet the interaction between these information channels and the adoption of

precautionary measures remains underexplored in the Indian context.

Commercial influence also carries health costs: advice from pesticide sellers has been

linked to increased illness among farmers (Soares & de Souza Porto, 2009). At the same time,
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the use of personal protective equipment (PPE) remains limited, often due to discomfort, heat,
and attitudes, even when risks are understood (Chatzimichael et al., 2022). These patterns are
reinforced by uneven regulatory enforcement, gaps in farmer education, and limited access to
trustworthy extension services. Although some states, such as Kerala, have promoted organic
alternatives and restrictions, most of India continues to operate within a fragmented policy

environment (Reddy et al., 2024).

Farmer decisions on pesticide use are shaped by interconnected factors operating at
multiple levels, as highlighted in critical agrarian studies and the political ecology of health
(Galt, 2013; Mansfield et al., 2023; Aga, 2021; Stone, 2007; Luna, 2020), which emphasizes
viewing farmers as complex social actors whose decisions are embedded in lived experience
and structural constraints rather than purely rational choice. At the macro level, systemic forces
such as market liberalization, agricultural input regulation, and the global political economy of
pesticides determine which products are available, how they are marketed, and the safety
standards applied. Regulatory asymmetries and the global distribution of pesticide hazards
disproportionately affect smallholder farmers in the Global South. At the meso level, the social
context of farming communities’ shapes how information and advice circulate. Farmers
frequently rely more on pesticide dealers and peers than on formal extension services (Aga,
2021; Nichols, 2020), and as shown in Maharashtra (Aga, 2018), these sellers act as embedded
“merchants of knowledge,” blending commercial transactions with technical advice, often
reinforced by credit relationships that deepen farmer dependence. These relationships are
embedded in local credit arrangements, reputational trust, and shared norms that can sustain
both safe and unsafe practices. At the micro level, household characteristics and individual
experiences, such as farm size, income, health history, and prior exposure incidents, guide day-
to-day decisions on PPE use and label adherence. Behavioral inertia, arising from habit,

perceived inconvenience, or skepticism toward new information, can perpetuate risky practices
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even when safer alternatives are known. By viewing pesticide use through this multi-level lens,
this study connects structural, social, and individual determinants of behavior, offering a

framework for interpreting both the qualitative and quantitative evidence that follows.

Methods

To gain a deeper understanding of pesticide use practices and farmer decision-making in India,
we first conducted focus group discussions with farmers, pesticide sellers, and agricultural
experts. These discussions provided key insights into the dynamics of pesticide use, revealing
the role of information asymmetry, financial dependence, and farmers’ reliance on pesticide
sellers for both credit and advice. Participants frequently described purchasing pesticides on
credit from preferred dealers, underscoring how financial ties shape trust and choice. Farmers
also noted that they seldom read product labels, instead depending on the guidance of sellers,
relatives, and peers whom they viewed as credible and accessible sources of information. This
reliance suggested a trust-based decision environment, where interpersonal relationships often
outweighed written instructions. The discussions further indicated behavioral patterns such as
use inertia, captured in the expression, “if it works, why change”, highlighting resistance to
altering established practices even when aware of safety risks. These qualitative insights guided
the survey design, informing modules on (i) the degree of financial dependence on pesticide
sellers, (i1) trust in different information sources, (iii) frequency of label reading, and (iv)
demographic factors such as age, education, landholding size, and income that may influence

precautionary behavior.

Based on these insights, we designed and conducted a structured survey of 441
households across 20 villages in southern West Bengal, India (Figure 1). This region was
chosen because farming is the primary occupation and chemical pesticide use is widespread.
Additionally, the demographic profile of farmers in terms of age, monthly income, and

landholdings makes this area representative of India’s broader agricultural landscape, enabling
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us to explore how socioeconomic characteristics shape farmers’ willingness and ability to adopt

protective measures against pesticide exposure.’

The qualitative phase of the study involved three focus group discussions
conducted between May and June 2022, each with approximately 8—11 participants for farmers
and one more with pesticide sellers. Farmers were recruited through agricultural extension
contacts, local networks, and direct invitations, with the aim of including individuals who were
both experienced and actively engaged in farming. This approach ensured that participants
could speak in detail about pesticide use practices and decision-making. While a small number
of female farmers took part in the focus group discussions, survey participation was
overwhelmingly male, reflecting local patterns in which men are more likely to serve as the
primary decision-makers in farming operations or sometimes more likely to respond to the

investigators.

For the quantitative survey, we used a two-stage selection process. First, villages were
randomly chosen from a list of settlements in the study area, with the inclusion criterion that a
significant share of residents were engaged in farming. Second, within selected villages,
households were chosen by the authors using a simple random selection procedure to minimize
potential enumerator bias. Enumerators were drawn from the local population, administered
the survey to facilitate trust and effective communication but did not have discretion over
household selection. We ensured that they had knowledge of the local language (Bengali) and

English.

>The average age of farmers in India is approximately 50 years (Department of Agriculture &
Farmers Welfare, 2016). The average income of the farmers in India is about X10,000-
X13,000, and the average landholding for an Indian farmer is estimated to be around 0.74-
0.80 hectares (National Bank for Agriculture and Rural Development, 2022). In our sample,
the age and income of majority of respondents are in the range 46-60 years and 310,000-
%15,000 respectively. The average farm size of the respondents is 0.78 hectares.
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Ethical clearance for all study activities was obtained from the Institutional Review
Board of our university (IRB Protocol #XXXX). Along with this, since most places in India do
not have an IRB we obtained written permission to conduct the focus group discussions and
household surveys was secured from local authorities in advance. All participants were
informed about the study objectives and procedures, and written consent was obtained prior to

participation.
Survey components

The survey was structured into three sections, each designed to capture different dimensions of
pesticide use (see the Appendix for the survey).® The first two sections covered farmer
demographics and farm characteristics, establishing a baseline profile of the respondents. A
crucial component of decision-making on pesticide is how farmers acquire and process
information regarding which pesticide to buy, how to apply it, and what safety measures to
take. Existing literature suggests that the source of information significantly influences
pesticide selection, quality, and quantity of application (Houser et al., 2019; Alam and Wollff,
2016; Pan et al., 2021). However, what remains largely overlooked is the role of trust in multi-
source information settings, particularly how farmers weigh, compare, and integrate multiple
sources of information when making pesticide-related decisions. Arrow (1972) emphasizes that
every commercial transaction inherently involves an element of trust. Trust plays a critical role
in determining which sources farmers prioritize, potentially influencing their pesticide choices
more than the content of the information itself (Yip and Schweitzer, 2015). We thus
incorporated a trust assessment in our survey to investigate farmers’ trust in different sources
they acquire information about pesticides. The focus group discussions identified five primary

sources: (1) family members involved in farming, (2) friends or peers, (3) pesticide sellers (PS),

¢ The survey was conducted in accordance with ethical research guidelines and was approved by our university’s
Institutional Review Board under protocol 22-279 EX 2206. Informed consent was obtained from all
participants and local authorities prior to data collection.
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(4) Government Agricultural Extension Workers (AEW), and (5) television or radio
advertisements. Farmers were then asked to evaluate their trust in each source on a scale
ranging from “highly trust” to “highly distrust.” This approach allowed us to quantify the
influence of trust in shaping pesticide use decisions, highlighting the extent to which personal

networks and commercial actors shape farmer behavior in pesticide selection and application.

The third section of the survey examined pesticide application practices and protective
measures, assessing whether farmers follow safety guidelines and adopt risk mitigation
strategies. The Ministry of Agriculture and Farmers Welfare of the Government of India
provides detailed instructions on safe pesticide use. Based on these guidelines and focus group
discussions, we compiled a comprehensive list of precautionary measures that farmers should
adopt before, during, and after pesticide application, aligning with commonly observed
practices in the region. The first aspect of these precautions emphasizes reading pesticide labels
carefully, including dosage instructions, to ensure correct application. The second aspect
focuses on the use of protective equipment and safe pesticide storage practices. To measure
risk perception, farmers were asked how frequently they used protective equipment, with

29 ¢

responses categorized as “always,” “sometimes,” or “never.”

Despite the presence of warning labels and safety recommendations, pesticide exposure
remains a major occupational hazard in developing countries, where limited access to
protective gear and training are documented to exacerbate the risks (Senanayake and Peiris,
1995). However, our focus group discussions show that this is not an issue for Indian farmers,
as low-cost protective gear is readily available in the market. An important behavioral factor
we investigate is therefore whether farmers’ decisions to use protective measures are influenced
by personal experience with pesticide-related illness or by witnessing others suffer from

pesticide exposure.
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One of the more interesting findings from the focus group discussion was that many
farmers maintain separate kitchen farms for self-consumption, where they apply little to no
synthetic pesticides. Market-driven pressures push farmers to use higher pesticide volumes to
improve visual appeal as middlemen and buyers demand blemish-free produce. However, when
growing food for their own families, farmers are far more cautious about pesticide application,
reflecting different risk tolerances based on the intended consumer. To explore this further, our
survey included specific questions on pesticide application differences between market-bound

and self-consumed produce.

Another crucial aspect of the survey is examining how farmers acquire and interpret
information about pesticides. Decisions on which pesticide to use, the correct dosage, and
protective measures are often shaped by economic constraints, seller influence, and
interpersonal trust, rather than formal agricultural extension services. Our survey sought to
determine whether farmers’ decisions reflect rational assessments of risk or whether they
are shaped by habitual practices, misinformation, or structural limitations in accessing
reliable agricultural knowledge. By integrating survey responses with insights from focus
group discussions, we analyzed whether economic necessity and trust-based interactions

with sellers drive pesticide use behavior.

Results

Demographics and Farming Characteristics

The survey participants reported farming as their primary occupation, with an average of 13
years of experience, and in almost all cases the respondents themselves made the major farming
decisions (Table 1). Nearly all respondents (98%) owned the land they cultivated, with an
average farm size of approximately 0.78 hectares. Every farmer in the sample reported using

chemical pesticides, and almost all (99.31%) applied pesticides themselves, placing them in
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direct contact with these chemicals. The main commercial crops included wheat, rice, jute, and
maize, alongside vegetables and betel leaf in some cases. In addition to market-oriented
production, most households (96%) maintained a separate kitchen garden averaging 0.0174

hectares, where fruits and vegetables were grown primarily for self-consumption.

Table 2 lists the major pesticides used by the farmer and the potential health issues that
are caused by chemicals present in these pesticides. Some of the compositions are banned in
developed nations (Voica & Schmitz, 2022). The biological properties of pesticides make it
almost impossible for chemical pesticides to have ample safety margins for non-target species
or organisms as well as humans (NRC, 2000). Our survey revealed that most of the farmers
encountered major or minor health issues after the use of pesticides. About 56% of the farmers
reported having skin problems, both minor problems such as itches and major problems like
recurring rashes, and 77% had experienced nausea, dizziness and diarrhoea. Although not
significantly many, there were some of the farmers who also mentioned having faced breathing

issues as well as irritation of eyes, throat, or the nasal cavity (Table 1).

Information acquisition for pesticide purchase and use

Although pesticide labels (Figures Al and A2, Appendix) clearly outline the chemical
composition, recommended dosage, and safety precautions, only 20% of farmers in our sample
reported reading them, and just 22% checked dosage instructions. This neglect was consistently
acknowledged in both farmer and seller discussions. To examine whether unclear labels might
explain this pattern, we conducted a random review of pesticide packaging from several local
shops. The audit confirmed that most labels provided adequate safety and usage information,
indicating that the lack of engagement was not due to poor label clarity. Instead, qualitative
accounts pointed to habitual reliance on trusted advice, particularly from pesticide sellers, time
constraints during busy farming periods, and the perception that personal experience made label

reading unnecessary. As one farmer explained, “We have been using the same brand for years,
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we already know how to mix it” (FGD1). Similarly, a pesticide seller noted, “Most farmers

don’t look at the label; they ask me directly how much to spray” (Pesticide Seller Interview).

One crucial factor influencing pesticide use behavior is the source of information that
farmers trust when making decisions (e.g. Alam and Wolff, 2016; Pan et al., 2021). Our study
finds that two primary sources stand out: “friends or relatives” and “pesticide sellers,” with
respective trust scores of 4.017 and 4.036 out of 5 (Table 3). This near-equal level of trust
suggests that both personal networks and commercial actors strongly shape farmers’ pesticide
choices. However, heavy reliance on pesticide sellers can have unintended consequences, as
the profit motive of the pesticide sellers’ can override safety considerations in pesticide
recommendations. Sellers’ strong influence is further reinforced by farmers’ purchasing
behavior: 73% of surveyed farmers buy pesticides from a single preferred shop, and 52% rely
on credit-based purchases. Such financial dependence strengthens the market power of sellers,
who often possess informational advantages in these transactions. Consequently, sellers may
prioritize profit over safety, steering farmers toward more expensive or higher-toxicity
pesticides regardless of actual need. This concern was echoed in focus group discussions, where
sellers openly acknowledged that discouraging such purchases would conflict with their
business interests. As one seller candidly explained, “We do not tell them or give them such

advice. We also must sell the stuff and earn profits to stay in business.”

Beyond financial dependency, behavioral inertia further compounds the neglect of safer
pesticide practices. Many farmers continue to follow traditional knowledge and inherited
routines, often resisting adaptation even when presented with safer or more appropriate
alternatives. This pattern was consistently reported in interviews and focus group discussions.
Farmers frequently request the most toxic “RED™-label pesticides, even when lower-toxicity
“GREEN” options would suffice (Figure Al in the Appendix). As one farmer explained, “We

always buy the same one, it works fast, so why change?”. A pesticide seller confirmed this
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demand, noting, “They ask for the strong ones. We do not tell them to avoid it... we must sell
the stuff and earn profits to stay in business”. Such preferences appear to be driven more by
habit and long-standing trust in sellers than by informed assessments of risk or effectiveness.
Compounding the issue, few farmers consult pesticide labels for dosage or toxicity information,
instead relying on seller instructions. As Dr. Tripathi observed, “For most farmers, the decision
is routine—they don’t think about changing unless a crop fails badly.” In this context, pesticide
decisions are shaped by a combination of economic reliance, habitual practices, and limited
engagement with available information, often prioritizing short-term pest control over long-
term health and environmental risks. Taken together, these findings suggest that pesticide
purchasing decisions are influenced not only by habit and trust in sellers but also by limited
engagement with available information and, in many cases, financial dependence through
credit-based purchases. The interplay between commercial influence, disregard for label
instructions, and economic constraints contributes to pesticide overuse, posing long-term risks

to farmer health, food safety, and environmental sustainability.

These patterns highlight the meso-level dynamics of pesticide decision-making, where
trusted relationships, whether with sellers or peers, shape behaviors as much as, if not more
than, formal safety information. The combination of social trust, habitual practice, and financial
dependency situates pesticide choices within a broader network of interpersonal and
commercial relationships. Beyond individual habits, many farmers also described a sense of
competitive pressure: if neighboring farmers spray, they feel compelled to do the same to avoid
losing out on yields or appearing negligent. As one farmer explained, “If they spray and we
don’’t, their field will be clean, and people will say ours is bad.” Another added, “We cannot be
left behind, if others are spraying, we must too.” This collective momentum reinforces pesticide
use even when individual farmers might otherwise reduce or alter their practices, creating a

socially sustained ‘pesticide treadmill’. As one farmer put it, “We listen to those we know; they
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farm like us”. While these dynamics emerged distinctly in our West Bengal context, they echo
patterns observed elsewhere. For example, Luna’s (2020) work on the Burkina Faso cotton
sector describes how technological adoption can be reinforced by community norms and
competitive pressures alongside economic drivers. In this context, sellers function not only as
retailers but also as de facto advisors, while peers reinforce established routines through shared
norms and experiences. Such socially embedded decision-making helps explain why formal
safety messages, including those on labels, often fail to translate into behavioral change,
underscoring the importance of interventions that address the social as well as the technical

dimensions of pesticide use.

Building on the patterns of economic reliance, habitual practices, and limited
engagement with safety information, we quantified the association between farmer
characteristics, information sources, and label-reading behavior. Table 4 presents the results of
Ordinary Least Squares (OLS) and Probit regressions estimating the likelihood of reading
pesticide labels, with robust standard errors to account for heteroskedasticity.” Three results
stand out. First, monthly income has a strong and positive association of 18% and 20% increase
in the probability of reading labels. This aligns with qualitative accounts from wealthier farmers
who described themselves as more cautious and willing to check product information before
use. As one farmer explained, “If it is something new, I will read it to be sure. We can’t risk a
mistake” (FGDI1). Second, farm size is negatively associated with label reading, with a
decrease of 32-35% in the probability of reading labels if the farm size increases by an hectre.

Larger-scale farmers often described pesticide application as routine, relying on established

" We include both OLS and Probit results to ensure robustness and to compare estimates
across different modeling approaches. Probit is our preferred model, as it accounts for the
binary nature of the dependent variable. However, OLS results are reported for robustness
since they provide an easy-to-interpret linear approximation of the relationship and allow
direct comparison of coefficient magnitudes. The consistency of findings across the two
models strengthens the validity of our conclusions.
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practices rather than written instructions. As another farmer put it, “We know the dose; we have
been doing this for years” (FGD1). The pesticide seller confirmed this tendency, noting, “The
big farmers don’t ask much. They just take what they always take” (Pesticide Seller Interview).
Taken together, these results suggest that higher income may facilitate engagement with safety
information, while larger landholdings may reinforce habitual reliance on prior experience over

label guidance.

A particularly notable finding is the positive and significant association as high as 51%
between receiving advice from agricultural extension workers and label-reading behavior,
highlighting the importance of extension services in improving pesticide knowledge and
promoting safer farming practices. The advice from pesticide sellers on reading labels shows a
negative association of 15% but they are not significant in our model. However, focus group
discussions revealed persistent accessibility challenges, many farmers cited financial and time
constraints as barriers to visiting agricultural offices. As one farmer explained, “It takes a
whole day to go there, and we cannot leave the field” (FGDI1). As a result, the influence of
extension workers is largely limited to farmers who have the resources and availability to
engage with them. This gap suggests that expanding the accessibility and reach of extension
services could significantly enhance the adoption of safer pesticide practices. In contrast,
seeking advice from pesticide sellers is associated with lower rates of label reading, although
the relationship is not statistically significant. This is concerning given the heavy reliance on
sellers for recommendations. The qualitative accounts suggest that sellers rarely direct farmers
to label instructions, and in some cases may downplay their importance. As the pesticide seller
admitted, “Most farmers don’t look at the label; they ask me directly how much to spray”
(Pesticide Seller Interview). One farmer echoed this pattern from the user perspective, saying,
“Why read it when the shopkeeper will tell us what to do?”” (FGD1). These findings underscore

the meso-level influences that shape pesticide decision-making, where interpersonal trust,
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habitual practices, and financial relationships often outweigh formal safety information. Advice
from trusted peers or sellers is embedded in social and economic networks that reinforce
existing behaviors, while access to credible, safety-oriented advice from extension workers
remains uneven. This socially embedded decision-making helps explain why accurate label
information and safety guidelines are frequently overlooked, and highlights that improving
pesticide safety requires interventions that address these relational dynamics, by strengthening
the reach and credibility of extension services, and by engaging trusted local actors, alongside

technical training.

Essential Precautions

In this subsection, we examine the likelihood of farmers adopting essential precautions while
applying pesticides. The Government of India’s guidelines on precautionary measures
emphasize the use of protective equipment, such as face masks, caps, aprons, gloves, and full-
length trousers, to ensure adequate body coverage during pesticide application. A key
recommendation is to avoid spraying without wearing protective gear. Figure 2 presents
findings from our survey on farmers’ adherence to these measures. While 418 farmers reported
sometimes covering their heads during spraying, they almost never covered their noses. Only
30 respondents covered their nose sometimes and 21 always. The use of gloves and aprons was
rare with only 1 respondent mentioning wearing them, although hand washing after handling
pesticides was nearly universal, 303 respondents mentioned always doing it. Bathing after
pesticide application was inconsistent, with many farmers indicating that they only did so
occasionally. Focus group discussions revealed several reasons for these patterns. Some
farmers found protective equipment uncomfortable in the heat, with one noting, “It is too hot
to wear all that;, we cannot work like that” (FGD1). Others mentioned cost as a barrier, saying,
“We do not want to spend money on masks and gloves every season” (FGD1). The pesticide

seller confirmed that PPE use was minimal, remarking, “Only a few farmers ask about masks
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or gloves, most just want the pesticide and to get back to the field” (Pesticide Seller Interview).
These accounts suggest that low PPE adoption reflects a mix of physical discomfort, cost
considerations, and the prioritization of immediate work efficiency over long-term health

protection.

Our discussions with farmers and pesticide sellers indicate that the cost of protective
equipment is not a significant deterrent to adopting precautionary measures, as inexpensive
gloves, aprons, and masks are readily available in local markets. Instead, farmers cited
discomfort and personal habits as the primary reasons for not wearing protective gear. In India,
summers are extremely hot, and winters are mild, making additional protective layers feel
burdensome. The habit of working without gloves, aprons, or masks has become ingrained over
time, with carelessness further reinforcing non-compliance. Focus group discussions also
revealed seasonal variations in bathing practices, many farmers reported avoiding bathing in
winter months due to the absence of running hot water in rural villages. Since heating water
requires gas or electricity, it adds an extra burden, making adherence to this precaution less
convenient in colder seasons. Consistent with earlier research (Zilberman & Castillo, 1994),
our findings suggest that inconvenience often discourages the use of protective equipment, even

among informed farmers, underscoring the dominance of practical barriers over risk awareness.

Table 5 presents the association between farmer and household characteristics, such as
age, household size, monthly income, and farm size, and precautionary behaviors during
pesticide use. Age has a consistently negative association with nearly all safety practices, such
as 9% reduction for covering nose and 21% reduction in washing hand as well as 9% decrease
in storing the pesticide securely away from consumables. This suggests that older farmers may
be less inclined to adopt protective measures due to ingrained habits, reluctance to change
established routines, or physical discomfort associated with using safety gear. As one older

farmer explained, “We have been spraying like this for decades, it is not necessary to change
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now”. Household size shows mixed effects: larger households are associated with a lower
likelihood of wearing an apron, but a higher likelihood of washing hands (19%) after pesticide
application and storing pesticides separately (22%) from consumables. Monthly income also
yields mixed results. Higher income is associated with an increased likelihood of covering the
nose during application, but a decreased likelihood of wearing gloves, bathing after pesticide
use, and storing pesticides separately (33%). Some of these results are not significant but
interesting in the directions they show and in line with what we observed from the focus group
discussions. This pattern suggests that wealthier farmers may adopt selective safety measures
rather than implementing a comprehensive set of precautions. As one participant put it, “/ cover
my face because it is easy, but gloves and bathing every time take too much effort”. The
pesticide seller observed a similar pattern, noting, “Some farmers will buy a mask, but very few

bother with the rest”.

Risk perception around pesticide use is also shaped by a “seeing is believing” effect,
where individuals may underestimate risks if they have not directly witnessed severe
consequences. To explore this, we asked farmers whether they had personally experienced
pesticide-related illness or had seen someone else fall seriously ill due to pesticide exposure.
While only 12% reported witnessing severe illness in others, almost 90% shared that they had
experienced health issues themselves. Both personal and observed exposure were significantly
associated with a higher likelihood of covering the nose, wearing gloves, and securely storing
pesticides. These findings suggest that firsthand or social exposure to pesticide-related health
consequences reinforces precautionary behavior. As one farmer explained, “After I got sick
once, I make sure to cover my face at least”. However, this effect is not consistent across all
safety measures. Bathing after pesticide use, for instance, was not positively associated with
illness experience; in fact, farmers who had been sick were somewhat less likely to bathe after

spraying (6% less likely). Focus group discussions pointed to logistical constraints such as lack
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of access to hot water during winter that make bathing difficult, even for farmers aware of the
risks. As one participant noted, “In winter, there is no hot water. Bathing after spraying is just
not possible”. These accounts indicate that awareness alone does not always translate into

practice when infrastructure or comfort are significant barriers.

Another important factor influencing precautionary behavior is pesticide label reading.
Our results show that farmers who read labels are significantly more likely to cover their nose
and wear gloves, indicating that label instructions are effective in shaping immediate safety
practices during application. As one participant noted, “The label says to cover your face, so I
do that when spraying”’. However, an unexpected finding is the negative association between
label reading and secure pesticide storage. One possible explanation is that label readers may
prioritize short-term exposure prevention (e.g., protective gear) over long-term handling
precautions. It is also possible that pesticide labels emphasize application safety more than
storage guidelines, leading farmers to overlook the latter. Meanwhile, farmers who derive a
greater share of household income from farming are significantly more likely to store pesticides
securely, possibly reflecting a heightened sense of risk and cost-saving due to their deeper

reliance on agriculture.

Taken together, these findings highlight the micro-level determinants of precautionary
behavior, where individual characteristics, personal experience, and everyday practical
constraints intersect to shape pesticide safety practices. Factors such as age, income, and
household size influence the adoption of protective measures, but habits, comfort, and
perceived feasibility often override awareness of risk. Firsthand or observed illness can prompt
changes in behavior, yet these changes are selective and may not extend to practices that are
viewed as inconvenient, such as bathing after spraying in winter. Label reading appears to
encourage immediate protective actions, but its influence on longer-term handling practices,

such as secure storage, is less evident possibly reflecting the content and emphasis of label
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instructions. These patterns underscore that precautionary behavior is not simply a function of
knowledge; it is embedded in the routines, physical conditions, and perceived trade-offs of
daily farm work. Addressing these micro-level barriers will require interventions that are not
only informative but also practical, comfortable, and compatible with farmers’ work

environments.
Discussion

Building on the findings presented above, this section interprets the results through a social
science lens, situating farmers’ pesticide practices within the broader contexts of knowledge,
trust, and structural constraints. Rather than prescribing discrete policy actions, we focus on
three interrelated themes that emerge from the analysis: the relational nature of agricultural
knowledge and extension, the persistence of behavioral inertia under conditions of uncertainty,
and the structural barriers that limit transitions toward safer or alternative pest management
strategies. Framing these insights within the “real-world use” agenda (Mansfield et al., 2024)
and the political ecology of health perspective (King, 2010; Nichols, 2022) underscores that
pesticide practices are not merely technical choices, but socially embedded responses shaped

by trust networks, market dependence, and lived experience.
Agricultural Knowledge and Extension Services

Our findings highlight that pesticide decision-making is deeply relational. Many farmers rely
primarily on pesticide sellers for advice, creating what Aga (2018) describes as a system of
merchants of knowledge, where information is exchanged through market relationships rather
than neutral advisory channels. This reliance reflects not ignorance but pragmatic trust, as
sellers often represent the most consistent and accessible source of agricultural guidance in

contexts where formal extension services are fragmented or absent.
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In this sense, expanding the reach of agricultural extension services is not merely a
technical solution but a social intervention that must address trust, credibility, and accessibility.
Strengthened extension programs can help rebalance these informational asymmetries by
providing objective, science-based guidance on pesticide use, storage, and handling. Localized
and inclusive delivery mechanisms, such as mobile advisory units, community-led sessions,
and digital platforms, could improve access for farmers facing financial or logistical barriers,
especially older farmers, who, despite their experience, often adopt fewer precautionary

measurcs.

International case studies from Argentina, Costa Rica, and Mexico demonstrate that
when extension services are integrated with supportive institutional frameworks, smallholder
groups successfully adopt organic technologies and establish market linkages (Damiani et al.,
2003). In India, strengthening extension services to incorporate pesticide safety and risk
communication aligns with the real-world use perspective (Mansfield et al., 2024),
emphasizing context-specific knowledge exchange rather than top-down dissemination. Given
the informational influence of pesticide sellers, regulating advisory practices within
agrochemical supply chains is equally essential to ensure that farmers receive objective

recommendations, not sales-driven advice.

Integrated Pest Management and Behavioral Inertia

The limited adoption of Integrated Pest Management (IPM) reflects the challenges of shifting
behavioral norms under conditions of uncertainty and constraint. While IPM integrates
biological, cultural, and mechanical control methods to minimize chemical dependency (Gupta,
2021; Pretty & Bharucha, 2015), uptake in India remains modest. Our findings suggest that this
hesitation stems less from lack of awareness than from behavioral inertia, a tendency to rely on

familiar chemical solutions that appear reliable and visible, even when safer alternatives exist.
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As farmers expressed in FGDs, “if it works, why change,” underscoring a logic of pragmatic

continuity rather than resistance.

This behavioral inertia is compounded by market pressures, limited technical support,
and short-term risk calculations. The lack of locally available IPM expertise (Parsa et al., 2014;
Alwang et al., 2019; Deguine et al., 2021) and concerns about efficacy make farmers hesitant
to experiment. From a political ecology of health standpoint (Nichols, 2022), these decisions
illustrate how exposure risks are entangled with livelihood imperatives, time constraints, and
trust networks. Successful IPM programs elsewhere (Feder et al., 2004; Yorobe Jr et al., 2011)
show that adoption increases when initiatives are co-produced with farmers, supported by

incentives, and embedded in existing advisory systems.

Strengthening initiatives such as the Central Integrated Pest Management Centers and
incorporating IPM training within extension curricula would thus serve not only a technical
function but a social-learning one (Stone, 2007), enabling farmers to observe, adapt, and
internalize new practices. Ensuring access to IPM-compatible inputs, such as biological
pesticides and pest-resistant crop varieties, is crucial for translating awareness into practice.
Ultimately, fostering IPM adoption requires addressing both knowledge gaps and structural

conditions that sustain reliance on chemical inputs.

Transitions Toward Safer and Organic Alternatives

A gradual shift from synthetic pesticides to organic and low-risk alternatives represents a
critical pathway toward reconciling food security with ecological and human health. Yet, as
our study reveals, such transitions are constrained by economic pressures, market preferences,
and social expectations. Many Indian farmers reserve organic or botanical pesticides for self-
consumption, reflecting a differentiated moral economy in which safety is valued for the

household but not necessarily rewarded in commercial markets.
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Adoption barriers, including high costs, limited consumer demand, and stringent market
aesthetics favoring blemish-free produce, reflect the structural dimensions of pesticide
dependency. Policy instruments such as subsidies for organic inputs, strengthening Farmer
Producer Organisations, and direct procurement channels for organic produce can reduce these
barriers. Experiences from Sikkim, India’s first fully organic state, demonstrate that inclusive
state support can facilitate large-scale transitions with socio-ecological benefits (Kumar et al.,
2018; Gurung & Choubey, 2021). Similarly, international experiences from Europe and Latin
America (Damiani et al., 2003) reveal that sustained institutional and financial backing enables

smallholders to shift toward sustainable systems without compromising profitability.

From a broader perspective, these findings invite reflection on global regulatory
disparities, where pesticides banned in high-income countries continue to be marketed and
exported to developing regions (European Center for Constitutional and Human Rights, 2015).
This persistent “circle of poison” underscores the political and ethical dimensions of
agricultural risk, reinforcing calls for more equitable governance of chemical trade and
knowledge. Recognizing these asymmetries situates India’s pesticide transitions within a
global political economy of agriculture, where local choices are shaped by international flows

of technology, regulation, and capital.
Conclusion

This study investigates the decision-making processes underlying pesticide use in Indian
agriculture, with a specific focus on the interpersonal relationships between farmers and
pesticide sellers. Moving beyond measuring the extent of pesticide use, the analysis
explores how information asymmetry, habitual practices, and trust shape farmers’ choices.
A central finding, supported by both qualitative accounts and statistical evidence, is that
pesticide sellers are often the most accessible and trusted advisors, exerting considerable

influence over product choice and frequently overriding formal safety guidelines and
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scientific recommendations. This influence is reinforced by financial dependence; over half
of surveyed farmers reported purchasing pesticides on credit, which strengthens sellers’
leverage and deepens reliance on their advice. These results contribute to the limited
literature linking interpersonal trust, credit relationships, and pesticide decision-making,
and provide new empirical evidence from India that such socially embedded systems can
prioritize profit-driven recommendations over health, safety, and environmental

considerations.

The study also finds that precautionary behavior during pesticide application is
inconsistent and often low. Many farmers fail to adopt basic safety measures, such as
wearing gloves, masks, and aprons even though a large majority report experiencing
adverse health effects from pesticide exposure. One of the more concerning patterns is the
decline in precautionary behavior with age, suggesting that older farmers may be less
responsive to new safety recommendations. Household size appears to play a partial
compensatory role, with larger households more likely to store pesticides securely and
encourage handwashing. Nonetheless, these variations point to systemic gaps in awareness
and risk perception, gaps that are deeply embedded in everyday farming practices in India

and likely in other developing-country contexts as well.

These findings are especially relevant to the Sustainable Development Goals
(SDGs), particularly Good Health and Well-being, Life on Land, and Life Below Water.
Pesticide overuse poses direct risks to farmer health, food safety, and ecological integrity,
undermining progress toward these goals. Addressing these challenges requires a
multifaceted policy approach. Strengthening agricultural extension services, shown in our
analysis to be positively associated with label reading, can help deliver science-based
safety guidance to farmers who currently rely heavily on sellers. Promoting Integrated Pest

Management (IPM) adoption, coupled with risk-mitigation support, technical training, and
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financial incentives, can reduce pesticide dependency while building trust in alternative
practices. Expanding access to organic inputs through subsidies and direct procurement
channels could empower farmers to transition toward low-risk pest management without
incurring economic losses. By integrating these measures and engaging trusted local actors,
policymakers can promote safer and more sustainable farming practices that advance both

agricultural productivity and environmental health.

Viewed through the macro—-meso—micro framework, these results demonstrate how
pesticide use decisions are shaped simultaneously by structural forces, social relationships,
and individual characteristics. At the macro level, regulatory gaps and market structures
create a context in which hazardous pesticides remain widely available. At the meso level,
trusted local actors, particularly pesticide sellers, mediate access to information and
influence purchasing decisions. At the micro level, demographic factors, personal habits,
and lived experiences with pesticide-related illness shape precautionary behavior.
Recognizing the interplay between these levels underscores that effective interventions must
address not only technical knowledge but also the social and economic contexts in which
decisions are made. By unpacking the social, economic, and behavioral dimensions of
pesticide use, this study provides actionable insights for designing interventions that are
both effective and context sensitive. Future research should build on this multi-level
approach to test integrated strategies that simultaneously address regulatory, market, and
on-farm drivers of pesticide dependence, ensuring progress toward healthier farmers, safer

food systems, and more resilient agroecosystems.

While this study is grounded in the lived realities of smallholder farmers in India,
its implications extend to the broader global discourse on pesticide governance.
Controversies such as Bayer’s reassessment of Roundup sales in the United States and

documented disparities in labeling practices across regions highlight persistent
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inconsistencies in how pesticide risks are communicated and managed. These disparities
reveal that the challenge of ensuring safe pesticide use is not solely technical or educational
but inherently structural and political rooted in uneven regulatory enforcement and market
priorities that privilege access over accountability. Such patterns align with the concerns
raised in the Circle of Poison literature, which underscores how hazardous substances,
banned or restricted in one context, continue to circulate through global supply chains,
externalizing risks to communities least equipped to manage them. While Galt (2008)
demonstrated how the Circle of Poison had begun to close through evolving international
regulations and trade norms, our findings, and the double standards in pesticide industries
(Porto et al., 2010; Clausing, 2021), suggest that its dynamics persist in new forms.
Disparities in labeling, uneven enforcement, and shifting production geographies reveal that

the circulation of risk continues, albeit through more complex and less visible pathways.

In this light, the findings from West Bengal reflect both local and transnational
dimensions of agricultural risk. Farmers’ trust in sellers, credit-based dependencies, and
adherence to established routines mirror systemic forces that sustain chemical-intensive
farming. As several of studies by Debal Deb (2012, 2019, 2020) notes, these cycles of
dependence are reinforced by narratives of technological necessity and productivity that
marginalize ecological knowledge and obscure alternative pathways. Addressing these
intertwined challenges requires more than awareness campaigns, it calls for coherent
governance that aligns market incentives with environmental and health objectives, ensures
transparent labeling across geographies, and fosters agroecological transitions responsive to
farmers’ realities. By linking grounded empirical evidence to these wider debates, this study
contributes to a more holistic understanding of pesticide use that bridges behavior, structure,

and policy, offering direction for equitable and sustainable agricultural reform.
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Figures and Tables:

Figure 1. Study areas in West Bengal, India

Note: The study areas are marked in blue within the box.
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Table 1. Farming and demographic characteristics and health effects of pesticide use

Variable Values
Age

18-24 0

25-30 34
31-45 110
46-60 291
More than 60 6
Farming experience (years)

0-5 years 0

6-10 years 3

11-15 years 407
More than 15 years 31
Education

[lliterate 0
Primary Education (Std 1- Std 8) 12
Secondary Education (Std 9- Std 10) 58
High School (Std 11- Std 12) 300
Above Std 12 71
Monthly Income (in Indian Rupees-3):

%5000-10,000 13
%10,000-15,000 384
%15,000-20,000 38
%20,000-25,000 4
Above 325,000 2
Average Household Size 4
Average Farm size (hectare) 0.781
Making farm decision themselves 98.86%
Separate kitchen farm 96.36%
Cost of Labor () 285.34
Visit a particular pesticide seller 72.7%
Has a credit line with pesticide shop 51.9%
Read Label on Pesticide bottle 20.4%
Read dosage information on pesticide bottle 21.9%
Health Effects of Pesticide Use:

Irritation of nose, throat 2.49%
Major breathing problems 8.61%
Skin problems 55.55%
Nausea, dizziness, diarrhoea 77.09%

Notes: This table presents results from the farmer survey. For the health effects, each
respondent can have experienced more than one problem. Among the surveyed participants,
99.5% had their own farm and 99% sprayed pesticides themselves.
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Table 2: Major Pesticides used and their harmful effects

Pesticide name Use (%) Chemicals present

Health Impact Remarks

Hamla 26.3 Chlorpyrifos, Cypermethrin

Mycin 322 Streptomycin Sulphate

Round-Up 64.39 Glyphosate

Nativo 68 Tebuconazole;
Trifloxystrobin

Galileo 68.7 Picoxystrobin

Chlorpyrifos: A widely used organophosphate, chlorpyrifos is linked to
neurological dysfunctions, developmental anomalies, genotoxicity, and
cardiovascular diseases. High exposure can lead to muscle tremors, loss of
bowel control, unconsciousness, or even death (Rahman et al., 2021;
ATSDR, 2023). In 2021, the U.S. Environmental Protection Agency issued
a ruling banning the use of chlorpyrifos in food production, citing its
potential risks to human health.

Cypermethrin: A synthetic pyrethroid, cypermethrin is neurotoxic, causing
dizziness, muscle weakness, breathing difficulties, and allergic skin
reactions. It is also highly toxic to aquatic life and beneficial insects like
bees.

Harmful if absorbed through skin; can cause eye irritation; harmful to
aquatic plants.

Synthetic herbicide, which is banned in several countries or restricted use,
due to alleged risk of cancer in humans among other harmful effects
(IARC, 2015),

Possible human carcinogen (group C) as per Harvard Identification
Assessment Review Committee; acute toxic effects on non-target
organisms.

May be harmful if swallowed or if inhaled. Very toxic to aquatic life with
long lasting effects (Corteva, 2020)

Notes: In the survey, respondents have mentioned applying multiple pesticides on their farm. The ‘Use (%)’ indicates the

percentage of the participants who use a particular pesticide.
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Table 3. Information Source and trust for choosing type of pesticides and dosage

Variable Observation Number of Trust
Respondents

Family members involved in 440 17 5
farming
Friends or Relatives 440 402 4.017
Pesticide sellers 440 434 4.036
Fellow Farmers 440 16 4312
Agricultural Extension 440 11 4.454
Workers
Newspapers 440 0 N/A

Source: Survey data.
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Table 4. Impact on Reading Labels

Variable OLS Probit
(marginal effects)
Age 0.006 0.016
Household Size -0.014 -0.006
Monthly Income 0.182" 0.200™
Education 0.009 0.006
Farm Size -0.032" -0.035"
Farm Years -0.084 - 0.096
Pesticide Count -0.030 -0.014
Advice from Pesticide Sellers -0.192 -0.156
Advice from Ag. Extension Worker 0.514™ 0.507""
Number of observations 438 438

Notes: ***p <0.01, **p <0.05, *p <O0.1.
labels (1) or does not read labels (0).

The dependent variable is whether the farmer reads
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Table 5. Regression Results: Association of Major Precautions taken

Variables Cover Head  Cover Nose Wear Gloves Wear Apron  Wash Hands After Taking a bath Store securely
Age -0.0143 -0.0944%** -0.0157 -0.0109 -0.213%%* -0.0162 -0.0956%**
(-0.93) (-3.42) (-1.19) (-0.85) (-3.92) (-1.03) (-3.26)
Household size -0.0105 -0.0500 -0.00909 -0.0250 0.191** -0.0271 0.222%*
(-0.30) (-1.12) (-0.65) (-1.48) (2.21) (-0.78) (2.45)
Monthly Income 0.0996 0.0846 -0.0325 0.000923 0.149%* 0.0895 -0.336%**
(1.46) (0.55) (-1.11) (0.05) (2.20) (1.16) (-2.63)
Farming experience -0.142 -0.0357 -0.0279 -0.0170 0.0426 -0.121 -0.296%**
(-1.54) (-0.28) (-0.64) (-0.55) (0.53) (-1.59) (-2.59)
Education 0.0108 0.0323 0.0174 0.0132 0.0451 0.0193 -0.0629
(0.52) (1.07) (1.63) (1.40) (0.88) (0.75) (-1.26)
Farm contribution 0.184 -0.503*** -0.00672 -0.0104 -0.210* 0.164 0.352%
(1.10) (-2.65) (-0.22) (-0.46) (-1.83) (1.31) (1.78)
Farm size -0.0161 -0.0175 0.000439 0.00219 -0.0129 0.00224 0.0460**
(-1.34) (-0.95) (0.15) (0.52) (-0.32) (0.19) (2.34)
Pest shop 0.00309 -0.0650 -0.00463 0.0186 -0.304%*** -0.0407 0.00533
(0.13) (-1.12) (-0.19) (0.98) (-3.04) (-1.28) (0.08)
Credit from pesticide shop 0.0269 0.0244 -0.00456 -0.0109 0.0165 -0.0401* -0.179**
(1.31) (0.61) (-0.32) (-0.83) (0.17) (-1.80) (-2.53)
Read labels 0.0339 0.176%** 0.0234 -0.0151 0.0934 0.00931 -0.165%*
(1.38) (3.12) (1.05) (-1.32) (1.13) (0.25) (-2.29)
Read Dosage 0.0412 0.0670%* 0.00225 -0.0131 -0.120 0.0844*** -0.0865
(1.53) (1.72) (0.12) (-0.96) (-1.39) (2.80) (-1.26)
Pesticide spending 0.0279 0.0857* 0.00294 0.00552 -0.0774 -0.0699%** -0.226%**
(0.78) (1.94) (0.43) (1.12) (-1.51) (-2.71) (-4.29)
Number of pesticides used ~ 0.000773 -0.162%** -0.0230 -0.0149 -0.176%** -0.0233 0.148%**
(0.03) (-3.73) (-1.41) (-1.09) (-4.07) (-0.81) (2.96)
Health problems faced -0.0511%*** -0.0137 0.00589 0.0164 0.0191 -0.0609%** 0.0971**
(-2.78) (-0.53) (0.51) (1.44) (0.35) (-3.07) (2.33)
See someone sick  -0.118%** 0.194%* 0.0519%* 0.0526 -0.0624 -0.0518 0.242%**
(-3.01) (2.55) (1.66) (1.50) (-0.53) (-1.49) (3.30)
N 437 437 437 437 437 437 437

Notes: *** p < 0.01, ** p < 0.05, * p < 0.1. Each column represents the regression results for the corresponding precautionary behavior (dependent

variable). The t-statistics are in parentheses.
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Appendix:

Figure Al. The levels of poison are marked on the pesticide packages.
Notes: Red label indicates “Extremely Toxic”, followed by the Yellow label indicating “Highly
Toxic”, the Blue label indicates “Moderately toxic” and Green label is “Slightly Toxic”.
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Figure A2. Instructions on the label.
Notes: The instructions were in four languages among which the farmers understood at least one.
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Questionnaire for the study into the use and overuse of pesticides in Indian farming

Demographic characteristics

1.1) Age of the Participant:  18-24;  25-30;  31-45;  46-60;  more than 60
1.2) Sex:  Male;  Female

1.3) Number of people in household:

1.4) Average monthly income (in rupees) of the Household: (please tick the relevant)
Rs 5000-10000

Rs 10000-15000

Rs 15000-20000

Rs 20000-25000

Above Rs 25000

1.5) What is the education level:

[literate

Primary Education (Std 1- Std 8)

Secondary Education (Std 9- Std 10)

Higher School (Std11- Std 12)

Above Std 12

1.6) Do you have your own farm?  Yes;  No

1.7) Primary occupation of the Household: (Please select the relevant)

Small shops:

Fishing:

Farming:

Farm labor (on others land):

Local transportation:

Other: (please specify)
1.8) How much income does farming contribute:

0%

1%-25%

26%-50%
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51%-75%
76%-100%

Farming characteristics

2.1) Number of years in farming: 0-5 years  ; 6-10years  ; 11-15 years  ; more than
15years
2.2) Size of Farm: bigha / acre
2.3) Type of farm land? own the land; lease/ rented
2.4) What do you cultivate on your farm? (Choose all that is relevant)
Wheat
Paddy
Jute
Maize
Vegetables
Beetle leaf
Other: (please specify)
2.5) Do you take all the farming decisions yourself? Yes; No
2.6) Do you have separate kitchen farm / farm for self-consumption: Yes ~ No

2.7) What is the size of the farm for self-consumption?

Bigha/ acre
2.8) What do you mainly cultivate on this farm (for self-consumption):
Vegetables
Fruits
Both
Other: (please specify)

2.9) Do you farm for self-consumption or sale in the market?
Self-consumption

Sale in the market
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Both
2.10) Gender of the Main farmer (person managing the farm): Male; Female

2.11) How many crop cycles do you have: 1; 2; 3: more than 3

2.12) How many months are there is a typical cropping cycle:

2.13) Do you manage the farm yourself or employ labor:
Manage myself; Hire labor; both
2.14) If you are employing labor, what is the cost of employing labor (in rupees)?

(please specify)

2.15) where do you get any information about farming: (choose all that is relevant)
Government agents

NGOs

Fellow Farmers

Radio/ TV

Newspapers

Others: (please specify)

2.16) How much do you trust this information: (Please select all the relevant)

Highly trust Somewhat Neutral Somewhat Highly distrust
Trust distrust
Government
agents
NGOs
Fellow
Farmers
Radio/ TV
Newspapers
Others

Pesticides

3.1) Do you use pesticides on your farm: Yes; No

3.2) What type of pesticide do you use? Organic; Chemical
3.3) Have you taken advice about which pesticide to use: Yes; No
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3.4) If yes, from whom?

Family member involved in farming
Friends or Relatives

Other farmers

Seller of pesticides

Agricultural Extension workers

TV/ Radio

Newspaper advertisement

Others (please specity)

3.5) How much do you trust this information: (Please tick all the relevant)

Highly trust Somewhat Neutral Somewhat  Highly
Trust distrust distrust
Family member
involved in
farming
Friends or
Relatives
Other farmers
Seller of
pesticides
Agricultural
Extension
workers
TV/ Radio
Newspaper
advertisement
Others

3.6) Are you aware of the harmful effects of chemical pesticides? Yes; No

3.7) Why do you use pesticides: (choose all that is relevant)
Weed eradication

Pest or Insect control
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Increase Yield

Increase quality of yield

Household Pest control

Reduce risk of crop damage due to pest attack
Other (please specify)
3.8) How much do you use per bigha:

3.9) What pesticides do you use: (Please specify the name and weights purchased)

3.10) Do you buy pesticide from any particular shop? Yes; No

3.11) Does this shop give you pesticide on credit? Yes; No
3.12) Do you read labels on the pesticide bottles? Yes; No

3.13) Are there any information about the dosage? Yes; No

3.14) Amount spent on Pesticides (per bigha/acre) in rupees:

100-300

300-500

500-800

800-1000

More than 1000

3.15) How many times do you spray pesticides in a month? (Choose the relevant)
1-2 times

3-4 times

More than 4

3.16) Do you spray the pesticides yourself on your farm? Yes; No

3.17) The pesticide (weight specified before) lasts for: (please select the relevant)
One cropping cycle

Two cropping cycles
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More than two cycles

3.18) Did you ever encounter problems due to pesticideuse?  Yes;  No
3.19) What kind?

Irritation (Nose, throat, etc):

Skin Problems:

Nausea, dizziness and diarrhoea:

Breathing Problems:

Others: (please mention)
3.20) Do you know someone who got sick using pesticides? Yes; No
3.21) Do you use pesticide in the part which is for self-consumption? Yes;

No

3.22) What kind?

3.23) Do you receive updates about pesticides and theiruse:  Yes;  No
3.24) If yes, from:

Family member involved in farming

Friends or Relatives

Seller of pesticides

Agricultural Extension workers

TV/ Radio

Newspaper advertisement

Others (please specity)

3.25) Have you felt any other problems due to pesticide use:
Quality of soil reduced
Quality of vegetation surrounding farm reduced

Water bodies nearby contamination
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Other: (please specify)

3.26) Do you use precautions while spraying pesticides? Yes;  No

3.27) What kind of precautions do you use?

Always Sometimes Never

Cover Head

Cover nose

Wear gloves

Wear apron

Wash your hand after
spraying

Take a bath after
spraying

Store pesticide bottles
away from
consumables
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Chapter 38
Willingness to pay for locally produced fruits and Vegetables in Alabama: Evidence

from a contingent valuation survey

Introduction

The growing emphasis on sustainable food systems and community resilience has continued
to bring attention to locally produced food across the United States. Local food systems, though
variably defined, are generally characterized by shorter supply chains, proximity between
production and consumption, and direct marketing channels such as farmers’ markets and
community-supported agriculture (CSA) programs (Martinez, 2010). Consumers often
associate locally produced food with enhanced freshness, superior quality, and support for
local economies (Brown, 2003; Darby et al., 2008). As federal and state governments
increasingly support local food initiatives through procurement policies and grant programs
(Vogel & Low, 2015; Winfree & Watson, 2017), accurate estimation of consumers’
willingness-to-pay (WTP) for local food products becomes critical for informing marketing
strategies, shaping public policy, and advancing the economic sustainability of small and mid-
sized farms. While numerous studies have examined the existence of a premium for locally
grown food, many of them are constrained in scope. Typically, such analyses either focus on
a narrow range of products or emphasize particular attributes or sales channels (Berg &
Preston, 2017; Bosworth et al., 2015; Delicato et al., 2019; Frash Jr et al., 2015; Gracia et al.,

2012; Ortez et al., 2024). Consequently, these studies provide valuable but partial insights into

8 Co-authors: Adam Rabinowitz, Samir Huseynov & Wendiam Sawadgo
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consumer valuation of local food, rather than a comprehensive understanding across diverse
commodities and sales contexts. We contribute to the literature by estimating WTP premiums
across multiple fresh fruits and vegetables across multiple channels, comparing products of
nationally produced, non-specific origin with those identified as locally produced in Alabama.
Moreover, we investigate whether products branded under the state-level “Sweet Grown
Alabama” (SGA) label command higher premiums, allowing us to disentangle the value of

geographic origin from that of formal branding.’

In the United States, state governments have introduced programs to support local
farmers and promote the marketing of state-grown products. Almost all the states in the United
States (47) have invested in marketing campaigns for promoting local food (Davidson et al.,
2024, Fife et al., 2025). Alabama has recently taken steps to promote local food systems through
initiatives such as the Alabama Farm to School Program, administered by the Alabama
Department of Agriculture and Industries. Since its launch in 2020, the program has received
state funding to incentivize schools to purchase locally grown produce, resulting in over $3.7
million in sales from Alabama farmers and more than 8.5 million meals featuring local products.
By connecting farmers with schools and supporting educational activities like school gardens and
farm visits, Alabama continues to strengthen farm-to-community linkages and foster awareness

of local agriculture.

? Sweet Grown Alabama is a non-profit foundation that enhances marketing opportunities for
Alabama farmers by connecting retailers and consumers to Alabama grown foods and other
agricultural products.
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Despite this progress, Alabama has historically ranked near the bottom in national
assessments of local food system engagement. For example, the Strolling of the Heifers Locavore
Index, which measures consumer access and participation in local food systems, consistently
ranked Alabama among the bottom ten states and subsequently last in 2019. These rankings
highlight a persistent gap between the state’s strong agricultural production base and its
comparatively limited consumer-facing local food infrastructure. This context underscores the
importance of expanding local food access and understanding consumer demand for state-grown
products.

The establishment of farmers’ markets has been encouraged to foster direct relationships
between producers and consumers (United States Department of Agriculture (USDA),
Agricultural Marketing Service, 2023). While the initial growth of local food systems was
primarily driven by government initiatives aimed at revitalizing local economies rather than
consumer demand, public interest in local food has steadily increased over time (Feldmann &
Hamm, 2015). Many consumers have increasingly favored local food, typically characterized by
its geographic proximity or direct sale from producer to consumer (Holloway et al., 2007; Watts
et al., 2005). This preference has been further reinforced by favorable policy conditions and grant
programs, such as the Local Food Promotion Program, which encourage the expansion of local
food systems (USDA Agricultural Marketing Service, 2023). More recently, the COVID-19
pandemic amplified consumer interest in local food by exposing vulnerabilities in global food
supply chains (Thilmany et. al, 2020). Faced with product shortages and tighter household

budgets, many consumers adjusted their purchasing behaviors, turning increasingly toward locally
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sourced options (Cappelli & Cini, 2020; Chenarides et al., 2021; Meixner & Katt, 2020; Vecchi
et al., 2022; Weersink et al., 2021). Local value chains enhance regional food security and
economic resilience by shortening supply routes and preserving agricultural diversity (Lowitt et
al., 2015; Prato, 2020). They also align with consumer demand for sustainable, locally sourced
food that fosters closer producer—consumer connections (Delicato et al., 2019; Ortez et al., 2024;
Swisher et al., 2018).

However, Martinez (2010) and Fife et al., (2025) among others, highlight that there is no
universal agreement on the distance criteria required for food to be considered “local.” The most
commonly accepted definition, as established by the U.S. Congress in the Food, Conservation and
Energy Act of 2008, states that food is considered “locally or regionally” produced if it is
transported less than 400 miles from its origin or produced within the state of sale. Perceptions of
“local,” however, vary widely. Inwood et al. (2009) note that local food may be interpreted as
originating within a country, a state, a province, or even a county, depending on context.
According to the Canadian Government’s 2013 interim policy report on food claims, local food is
defined as food sold within 31 miles of its place of production (Kneafsey et al., 2013). Similarly,
Frash Jr et al. (2015) adopt a more restrictive definition in their study, using a 100-mile radius
around a restaurant, aligning with the New Oxford American Dictionary (NOAD) definition of a
“locavore” as one who prefers food produced within 100 miles. Importantly, the definition of local
food extends beyond mere geographic distance or “food miles.” Fife et al., (2025) in find that
about 65 percent of the respondents believed local to mean decreased transportation miles.

Thompson et al. (2008) argue that production methods are equally integral to the concept of local
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food. They emphasize that local food systems often prioritize sustainable agricultural practices,
reduced reliance on synthetic chemicals and energy-intensive fertilizers, and minimal pesticide
residues. Additionally, they highlight that the personality and ethical standards of food producers
contribute to how local food is perceived, underscoring the relational and ethical dimensions that
distinguish local food beyond physical proximity.

The local food literature points to two main aspects of market interaction: (i) direct-
to-consumer transactions through farmers’ markets, community-supported agriculture, and
farm stands and (ii) intermediate sales by farmers to local restaurants, retail stores, and
governmental or non- governmental institutions (e.g., hospitals, schools). The entire system
operates on the premise that locally produced food, with fewer food miles, offers several
advantages over long-distance alternatives. Commonly cited attributes include: 1) food safety;
i1) environmental benefits; iii) superior nutritional value; iv) support for the local community;

v) social responsibility; and vi) better freshness and taste (Frash Jr et al., 2015).

These attributes are primarily based on consumer perception rather than definitive
scientific evidence. Literature consistently shows that consumers perceive local food to be
safer than food sourced over longer distances. For example, Frash Jr et al. (2015) report that
one of the foremost reasons consumers prefer local food is their belief that it is safer to eat.
However, empirical studies such as Strohbehn and Gregoire (2003), which examined samples
of ground beef, eggs, and salad greens from both locally produced farms and industrial farms
for pathogens, found no significant differences in pathogen levels. Similar findings have

emerged in other research where local food sold in farmers’ markets was perceived as more

119



wholesome than that available in grocery stores, despite lacking evidence that it is less prone

to cause foodborne illness or has a greater nutritional value.

Building on these insights in consumer perception, our study investigates how such
beliefs translate into actual economic behavior. We demonstrate that consumers in Alabama
are willing to pay significant premiums for locally produced food, with even higher premiums
observed for products branded under the “Sweet Grown Alabama” label. Rather than relying
strictly on the USDA’s formal definition of “local,” we explore how consumers themselves
define and interpret the concept, and what motivations underlie their support for local food.
By doing so, our findings shed light on the subjective meanings attached to “local” and offer
practical insights for policymakers and industry stakeholders aiming to encourage local food
consumption, reduce misconceptions, and better align marketing strategies with consumer

expectations.

Willingness to pay

While local food systems have often been criticized for lacking the volume, variety, and
efficiency of modern supply chains (Lusk & Norwood, 2011), a growing body of research
highlights their economic and social benefits. These include enabling farmers to retain a
greater share of the retail price (Darby et al., 2008; Ortez et al., 2024) and contributing to local
economic development (Conner & Levine, 2007; Swenson, 2009). Many of these perceived
benefits are reflected in consumer attitudes and behaviors. For instance, Toler et al. (2009)

found that consumers preferred supporting local farmers over non-local ones. A 2019 Nielsen
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survey ranked buying local as the most important food-related cause among U.S. consumers
(NielsenlQ, 2019). Several empirical studies also report that consumers are willing to pay a
premium for local products. Using weekly sales data from Ohio, Dong et al. (2023) estimated
a $0.13 premium per serving for local ice cream. Building on this, Bir et al. (2019) examined
consumer preferences and perceptions related to farmers’ markets. Based on a survey of 1,200
U.S. households, they found a diversity of interpretations of what constitutes “local” food,
alongside strong consumer preferences for farmers’ markets driven by perceptions of freshness

and healthfulness, even in the face of potential convenience trade-offs.

Additional studies have explored consumers’ willingness-to-pay for local food across
various contexts (Gracia, 2014; Gracia et al., 2014; Hempel & Hamm, 2016; Loureiro & Hine,
2002; Printezis & Grebitus, 2018), consistently revealing price premiums for locally produced
items. How- ever, these premiums are influenced by several factors, including demographic
and socio-economic characteristics such as income, gender, and agricultural ties (Brown,
2003; Everett et al., 2018; Gracia et al., 2012). Other determinants include shopping habits,
product type, purchase volume, and sales venue, whether through grocery stores, farmers’
markets, or on-farm sales (Adalja et al., 2015; Brown, 2003; Hempel & Hamm, 2016; Printezis
& Grebitus, 2018). Interestingly, Printezis and Grebitus (2018) found that consumers were
more willing to pay a premium for local food when purchasing from grocery stores,
particularly in urban areas like Phoenix and Detroit, as opposed to farmers’ markets or direct-

from-farm settings.
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State Branding Programs

State branding programs have emerged as a powerful marketing tool across the United States
to promote locally grown and processed food products. These initiatives, such as “Jersey
Fresh,” “Go Texan,” “Arizona Grown,” and “Sweet Grown Alabama,” seek to strengthen
consumer identification with their state’s agricultural output by using recognizable logos and
slogans. By 2010, several states in the U.S. had adopted some form of state-sponsored
agricultural marketing program, often supported by logos that emphasize freshness, state
identity, and regional pride (Onken & Bernard, 2010). While program designs vary, most aim
to create a perceived distinction in quality and origin, and some have even introduced licensing
or certification mechanisms to ensure the integrity of the brand (Patterson, 2006). These labels
serve as a credence cue, especially when consumers cannot directly observe growing practices,
helping reduce perceived risk and uncertainty in food choices (Nganje et al.,2011). In tourist
-heavy regions like Arizona, such branding has also proven effective in capturing the
willingness of visitors to pay a premium for local-origin menu items and gifts, revealing
opportunities for expansion beyond residents (Patterson et al., 2003). Recent evidence
suggests that these programs do more than signal geographic origin, they actively shape how
consumers define what counts as “local.” Fife, Secor, and Campbell show that state labels
often shift the perceived boundary of local food inward, privileging products from within one’s
own state even when neighboring sources are equally proximate. This place-based identity
effect reinforces emotional attachment and can meaningfully increase willingness to pay for

state-branded products (Fife et al., 2025). In addition to shaping consumer perceptions, state
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branding initiatives also influence how producers and direct-market retailers engage with local
food systems. Govindasamy et al., (2000) find that many small and mid-sized producers view
state-sponsored labels as valuable tools for market differentiation, helping them signal
authenticity and connect more directly with consumers. However, retailers also note that the
effectiveness of these programs depends on sustained promotion and public awareness—
without visibility and trust, the label alone does not guarantee increased sales or price
premiums. Nganje et. al., (2011) find that state-branded labels can shift consumer attitudes

toward locally grown produce by signaling freshness, safety, and authenticity.

In Alabama, the “Sweet Grown Alabama” (SGA) initiative serves as the state’s flagship
branding program, connecting farmers, retailers, and consumers to promote locally grown and
processed agricultural products. Supported by the Alabama Department of Agriculture and
Industries, SGA not only seeks to strengthen recognition of Alabama-grown goods but also to
expand producer participation in local and regional markets. The broader importance of such
efforts is reflected in the state’s agricultural and forestry economy, which contributes an
estimated $77.3 billion in total economic output and supports over 273,000 jobs, nearly ten
percent of Alabama’s workforce (Alabama Cooperative Extension System, 2025). By linking
local producers more directly with schools, retailers, and consumers, programs like SGA
illustrate the potential of state branding to generate tangible economic and community

benefits.

Despite their widespread implementation, state branding programs have faced criticism

regarding their actual economic benefit. Some economists have questioned whether these
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programs genuinely increase profitability for local farmers, suggesting instead that they may
simply redistribute market share among states without expanding overall demand. Others have
pointed to consumer preferences for alternative direct-to-consumer channels, such as
community-supported agriculture (CSA) and farm stands, as signs that state branding lacks
the authenticity or visibility consumers value most (Naasz et al., 2018). More recently,
Chakrabarti et al. (2021) examined the use and benefits of state marketing programs, finding
that participation can enhance producer market opportunities and consumer recognition, yet
outcomes vary depending on program engagement and visibility. Through our paper, we seek
to contribute to this ongoing debate by empirically assessing whether branded state grown
products command a measurable price premium over their unbranded but geographically
indicated locally grown counterparts. By isolating and quantifying this premium, we aim to
determine whether such branding efforts indeed add market value or merely serve as symbolic

gestures without economic gain to the producers.

Method and Data Collection

We focus our study on Alabama, a state with a rich agricultural heritage and growing
initiatives promoting local food systems, such as the “Sweet Grown Alabama” and “Farm
to School” programs. Alabama provides an ideal setting to examine consumer preferences
for locally produced food because of its diverse mix of urban and rural markets, and the
coexistence of direct-to-consumer outlets and large retail chains. This setting allows us to
assess how consumers value the “local” attribute across different purchasing environments

and product types. Insights from Alabama are particularly relevant for understanding the
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broader challenges and opportunities in strengthening regional food networks across the
United States. To capture consumer preferences, we elicited participants’ willingness to
pay a premium for 15 Alabama-grown fruits and vegetables, using a contingent valuation
method. Most WTP studies employ either hypothetical or real-choice experiments and
experimental auctions to estimate consumer behavior (Adalja et al., 2015; Enthoven &
Van den Broeck, 2021; Gracia et al., 2011, 2012). A challenge in these approaches could
be sampling bias, as respondents in survey-based studies often tend to be more educated
and have higher incomes than the general population. Even when efforts are made to
obtain representative samples, another methodological concern, hypothetical bias, remains
a central issue in hypothetical preference research. As Loomis (2011) and others have
noted, respondents frequently report higher willingness to pay in hypothetical scenarios
than they would actually pay in real economic settings. Carson and Groves (2007) offers
a theoretical explanation for this, arguing that the perceived consequentiality of a survey
plays a key role: when individuals believe their responses may influence actual policy or
outcomes, they are more likely to answer truthfully; if not, their stated values may be
exaggerated or unreliable. Similarly, Mitani and E. Flores (2009) investigated the extent
and nature of hypothetical bias in a contingent valuation context, further underscoring the

need for methodological safeguards.

One widely adopted strategy to mitigate this bias is the use of cheap talk scripts or
brief, standardized messages presented to the participant prior to the valuation task that

explicitly acknowledges the tendency to overstate willingness to pay in hypothetical
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settings and this encourages respondents to consider their choices as if a real payment was
required. First introduced by Cummings and Taylor (1999), cheap talk has since been
applied across a range of survey modes and product types, including mail-based and online
choice experiments (Lusk, 2003; Silva et al., 2011; Tonsor & Shupp, 2011). The evidence
consistently indicates that cheap talk reduces hypothetical bias and leads to more reliable
valuation estimates. Its role is particularly critical in studies involving ethically or socially
charged goods such as local foods, where respondents may feel compelled to overstate
sup- port due to perceived social desirability. As such, cheap talk remains a valuable ex

ante instrument for improving the validity of stated preference data.

Data was collected through an online Qualtrics survey, approved by the
Institutional Review Board (IRB) at Auburn University (Protocol 24-664 EX 2407),
administered via Toluna, a professional survey panel provider. Toluna was used to recruit
participants based on pre-specified demographic and geographic criteria, ensuring a
representative sample of adult consumers in Alabama. The platform enabled targeted
distribution and quality control through screening and attention checks. We received a
total of 1,364 completed responses. No personally identifiable information was collected,
thereby safeguarding respondent anonymity and preventing any linkage back to individual
participants. Eligibility criteria required respondents to be residents of Alabama and at
least 18 years of age. Qualified participants were presented with a cheap talk script
(provided in appendix A) prior to the valuation task, which outlined the purpose of the

survey and clarified the concept of willingness to pay. The script was carefully worded to
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avoid priming respondents toward either overstating or understating their WTP, thereby

helping to mitigate potential hypothetical bias.

Following the script, participants were presented with a trial question that asked
them to state their WTP for a generic mug. This served to confirm their understanding of
the valuation concept, and only those who entered a valid price response, not a random or
irrelevant choice, were allowed to proceed. Once the trial question was completed,
participants were asked to state their WTP for a specific fruit or vegetable produced
anywhere in the United States. Subsequently, respondents were randomly assigned to one
of two treatment groups: one group was asked to indicate their WTP for the same product
if it were produced in Alabama, while the other group provided their WTP for the product
if it were produced in a Sweet Grown Alabama farm. Each respondent encountered only
one of these localized valuation scenarios, allowing us to compare responses across groups

and isolate the impact of branding and regional origin.

The survey was structured into five blocks, each containing three different fruits or
vegetables. All participants first completed a baseline block consisting of tomatoes,
strawberries, and bell peppers. For each item across all blocks, respondents were randomly
assigned to state their willingness to pay for that specific fruit or vegetable. This was
followed with a question to state the premium or discount for a product labeled as
‘produced in Alabama’ or produced by a ‘Sweet Grown Alabama farmer’. After
completing the baseline block, participants were randomly assigned to a product from each

of the remaining four blocks and asked to provide a willingness to pay value for one
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randomly selected item from that block (see Fig. B.1 in Appendix B). In total, each
participant was asked to state their WTP for seven fruits and vegetables. This design
allowed for balanced comparisons across product types and origin labels while controlling

respondent fatigue. '°

Following the willingness to pay elicitation, we collected data on participants’
purchasing behavior and perceptions related to local food. These questions examined how
respondents define the term “local”, how frequently they purchase Alabama-grown fruits
and vegetables (noting that Sweet Grown Alabama products also fall within this category),
and the typical retail outlets they rely on. Response options included farmers’ markets,
farm stands or trucks, major grocery chains, local supermarkets, and community-
supported agriculture (CSA) programs. We also explored the reasons participants choose
to buy local an issue widely discussed by both policymakers and researchers in the context

of supporting the long-term viability of local food systems.

To ensure data quality, we included attention-check questions to identify and filter
inattentive respondents. The final section of the survey collected household demographic
information, including respondents’ area of residence, gender, age, education level,

household composition (number of adults and children), and income. These variables are

19 Jeong et al. (2023) highlight that survey fatigue can lead respondents to skip questions or, when
required to provide an answer, to submit responses that may be inaccurate or careless. This presents
a particular concern in valuation studies, where the quality of stated preferences depends heavily on
respondent attention and engagement.
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commonly recognized as influential factors in consumer food purchasing decisions,
particularly in relation to preferences for locally grown products. Prior to launching the
full survey, we conducted several pilot tests to estimate the average completion time,
which ranged between 5 to 7 minutes. Based on this, we implemented a time-screening
criterion to ensure data quality. Participants who completed the survey in less than 5
minutes were excluded from the final dataset, as such rapid responses were likely
indicative of inattentiveness or random answering. We were careful about the outliers, that

could significantly influence our results.
Theory and structure

We are interested in estimating the effect of behavioral and demographic factors on
willingness- to-pay premiums for locally produced fruits and vegetables. Our model
explores two key dimensions: first, the extent to which demographic variables influence
willingness to pay for locally grown produce, and second, whether the SGA brand
generates additional premiums over and above produce that is simply labeled as grown in
Alabama. Across all model specifications, the dependent variable is the premium paid over

the stated willingness to pay for a fruit or vegetable produced anywhere in the U.S.

To evaluate these relationships, we estimate the following linear model:

Premium; = fo + f1SGA; + foWTP,; + D/6+ B;6+ M{,u + € @))
where Premium; is the WTP premium for individual i; SGA is an indicator for the Sweet

Grown Alabama branding condition; and WTP; is the stated willingness to pay for the
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product grown anywhere in the U.S. The term D; is a vector of demographic controls, B;
is a vector of behavioral variables, and M; is a vector of motivational and belief-based

variables. €i is an idiosyncratic error term.

The first set of covariates, Di, includes demographic characteristics such as age,
household income, education level (“Some college/2-year degree,” “4-year college degree,”
and “Graduate/professional degree,” with “High school or less” as the omitted category), the
number of children under the age of 18 and adults 18 years or older in the household, and an
indicator for urban location (rural is the reference category). These controls account for
lifecycle, human-capital, and place-based differences that may influence willingness-to-pay for

local food.

The second group, B;, captures household shopping role, retail channel
participation, and product- specific purchasing frequency history. Retail channel variables
are indicators for purchasing from major grocery chains, local supermarkets, and small
local outlets such as farmers’ markets, CSA programs, or farm stands. Product-specific
frequency history variables record when each fruit or vegetable was last purchased,
categorized as “Today,” “Yesterday to 1 week ago,” “1 week to 1 month ago,” and “1
month to 12 months ago”. These variables proxy for decision-making roles, the retail

environment, and familiarity with specific products.

The third group, M;, includes motivational and belief-based variables related to

local foods. Motivational factors are measured through self-reported reasons for buying
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local food, specifically “Health” and “Altruistic” motives. Belief-based variables capture
definitions of “local,” including indicators for respondents who define local as “within
Alabama” or “within 100 miles,”. These variables capture value orientations and the
salience of place-based identity in shaping preferences. This modeling framework allows
us to isolate the effect of SGA branding while simultaneously controlling for a rich set of

demographic, behavioral, and motivational characteristics.
Tobit Model Specification

In our elicitation exercise, respondents stated willingness-to-pay premiums were censored
at —$5 and +$5 to limit the influence of extreme values and ensure comparability across
products. As a result, the dependent variable exhibits censoring at both tails, which may
lead to biased and inconsistent estimates when using ordinary least squares (OLS). To
account for this, we estimate a two-sided Tobit model as a robustness check to the baseline

specification presented in Equation (1).

The Tobit model assumes the existence of an unobserved (latent) continuous
variable, Premium;", generated by the same covariates as in the baseline model. The
observed premium, Premium;, equals the latent value when it lies within the censoring
limits and is set to the nearest boundary otherwise. This specification allows us to assess
whether the relationships identified in the linear model remain consistent when censoring

is explicitly modeled.
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Premium ;= By + B1SGA; + B, WTP; + D{§ + B{0 + Mju + ¢,

whereg;~N(0,5?) (2)
-5, if Premium ;< -5,
Premium; = { Premium *;,if —5 < Premium ;<5 3)
5, if Premium ;> 5.

The Tobit coefficients reflect the effects on the latent premium, while marginal effects are
also computed for the expected observed premium. Comparing these estimates with the
OLS results provides a robustness check, ensuring that the key findings are not driven by

the censoring imposed in the elicitation design.

Results
Demographics

From Table 1, we see that a majority of respondents were between the ages of 25 and 54, followed
by those aged 55 years or older and 18-24 years. In terms of gender, 630 identified as female and
421 as male. Educational attainment was diverse, with 446 respondents reporting a high school
degree or less, 388 having some college or a two-year degree, 160 holding a four-year degree, and
57 reporting a graduate or professional degree. Household income distribution ranged widely,
though the most frequently reported brackets were between $20,000 and $59,999. At the upper
end of the income scale, 133 respondents reported household incomes of $100,000 or above.
Figure 1 presents the geographic distribution of survey respondents across Alabama. The sample
achieves broad statewide coverage, capturing participation from both densely populated and

agriculturally active regions. The spatial distribution of responses is relatively balanced between
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urban and rural areas, with 576 participants residing in urban locations and 475 in rural
communities. This balance enhances the representativeness of the data, ensuring that the observed
preferences reflect a diverse cross-section of Alabama consumers rather than being concentrated

in a particular geographic or demographic segment.

The sample was also evenly split by experimental treatment: 537 participants were from
“Alabama- grown” treatment, while 514 were assigned to the “Sweet Grown Alabama” treatment.
To verify the integrity of the random assignment, we assess whether key demographic
characteristics are balanced across the two groups. Although participants were randomly assigned
to either the SGA or AL condition to minimize selection bias, this check ensures that any observed
differences in willingness to pay can be more confidently attributed to the labeling condition rather

than to underlying differences in participant profiles.
Behavior and Perception

In addition to demographic data, the survey captured respondents’ perceptions of local food and
their purchasing behaviors (Table 2, Table 3). Most participants defined local food as produce
grown within the state of Alabama, indicating a strong state-centered understanding of the term.
A smaller but notable share described local food in terms of geographic proximity, such as within
100 miles of the point of purchase. Fewer respondents defined local food as produced in
neighboring states or in the broader Southeastern United States, and only 89 considered food
produced anywhere in the country as local. This pattern reinforces the idea that consumers largely

associate “local” with a narrowly defined spatial boundary.
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Purchasing patterns of Alabama-grown fruits and vegetables revealed consistent consumer
engagement. Buying local produce on a monthly basis was the most frequently reported behavior,
followed by weekly purchases and annual purchases. A smaller segment indicated that they never
or rarely purchased local produce or were unsure about their buying habits, suggesting
opportunities for further outreach and education. The majority of respondents (596) identified
themselves as the primary food shopper for their household, while 341 reported sharing the

responsibility and 114 reported as the decision being taken by someone else.

Motivations for purchasing local food centered primarily on a desire to support local
farmers (435). Other common reasons included product quality (200) and a commitment to
strengthening the local economy (155). Less frequently mentioned motivations involved food
safety (86), health benefits (88), minimizing environmental impacts (26), and no specific reason
(37). When asked where they typically sourced Alabama-grown produce, respondents most often
named farmers’ markets (579) and local supermarkets (591). Farm stands or roadside stalls (351)
were also popular, while major grocery chains (280) and community-supported agriculture (CSA)

programs (55) were mentioned less frequently.
Willingness to Pay and Premiums

Figures 3 and 4 provide a visual overview of the distribution of willingness to pay across products
and branding conditions. The first figure illustrates the distribution of baseline U.S. prices for all
commodities, revealing substantial heterogeneity in market valuation across fruits and vegetables.

The observed distributions are relatively compact, indicating that respondents provided well-
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informed and consistent valuations rather than arbitrary price estimates. This narrow spread
suggests that the stated WTP values reflect genuine consumer perceptions and that random noise
in the base price responses is limited. Consequently, the estimated premiums between Alabama
(AL) and Sweet Grown Alabama labels can be more confidently interpreted as reflecting
systematic differences in associated factors, such as brand perception, rather than random variation

arising from uninformed responses.

The second figure compares the kernel density distributions of premiums under the AL
and SGA labels. Across most products, SGA-labeled items exhibit right-shifted density curves
relative to AL, suggesting higher central tendencies in WTP. However, the magnitude of this shift
varies across commodities, indicating that the branding effect is product-specific rather than
uniform across all categories associated with the label. These visual patterns provide an initial
indication that the SGA label may enhance consumer valuation for certain products but not all,

motivating a closer statistical examination of whether these differences are statistically significant.

To assess consumer preferences for locally produced fruits and vegetables more
systematically, we next compare the mean willingness to pay (WTP) across three labeling
conditions: produce grown anywhere in the U.S., produce grown in Alabama, and produce
branded under the SGA label. Table 4 reports the mean WTP for each product under the three
conditions, along with the number of respondents in each treatment group. A consistent pattern
emerges relative to the U.S.-grown baseline, respondents are willing to pay a substantial premium
for Alabama-grown produce, with an even higher premium for several items carrying the SGA

label. This suggests that consumers not only value local origin but also respond positively to the
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added assurance, identity, and perceived quality signaled by the state-level brand. Together these
descriptive results lay the groundwork for the subsequent regression analysis, which formally

evaluates the determinants and robustness of these branding premiums.

Formal hypothesis tests, presented in Table 5, confirm a strong and statistically significant
baseline preference for Alabama-grown produce. Across all products, willingness to pay (WTP)
for Alabama-grown items is significantly higher than for produce of unspecitied U.S. origin. To
control for the family-wise error rate arising from multiple product comparisons, we applied the
Holm— Bonferroni adjustment to the set of p-values. Even after this correction, most pairwise
differences remain statistically significant, reinforcing the robustness of the observed preference
for locally produced items. Statistically significant branding premiums are observed for several

commodities, indicating that the SGA label exerts a measurable influence on consumer valuation.

To address concerns regarding potential overstatement of willingness to pay (WTP) in
hypo- thetical scenarios, we incorporated a cheap talk script, a common approach aimed at
reducing hypothetical bias. Along with this precaution, another aspect that was taken in
recognition of findings from prior literature, notably Schmidt and Bijmolt (2020), who report an
average hypothetical bias of approximately 21% in consumer WTP studies. The results presented
in Table 6 incorporate a 21% adjustment, to account for potential hypothetical bias in stated
willingness-to-pay estimates. Even after this correction, statistically significant premiums persist
across a wide range of commodities, reaffirming the robustness of consumer preference for

Alabama-grown produce compared to U.S. grown. This adjustment framework demonstrates that
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the observed price differentials are not merely artifacts of hypothetical bias but reflect a consistent

and credible valuation of local branding across plausible correction thresholds.

Table 7 presents the estimated premiums for Alabama and Sweet Grown Alabama labeled
products across three retail channels: small local outlets, major grocery chains, and local
supermarkets. The results highlight substantial variation in the magnitude and significance of
premiums across market settings. Within small local outlets, SGA-labeled products command
higher average premiums than their Alabama labeled counterparts for several commodities,
including sweet potatoes, black-eyed peas, and satsuma mandarins, each showing statistically
significant differences. These findings suggest that branding effects are most pronounced in direct
or community-based retail environments, where consumers are more responsive to state-specific

certification.

By contrast, in major grocery chains and local supermarkets, SGA premiums remain
positive but are generally smaller and less frequently significant. This pattern indicates that while
state branding reinforces perceptions of quality and local authenticity, its economic impact is
moderated in more conventional retail settings. Overall, these results point to a nuanced interaction
between branding and market channel, implying that the effectiveness of programs like Sweet
Grown Alabama depends not only on consumer preferences but also where consumers shop and

the visibility of local identity within different retail contexts.

Building on these descriptive comparisons, we next turn to the regression analysis to

formally examine whether the observed price differentials persist after accounting for
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demographic, behavioral, and motivational heterogeneity among respondents. This approach
allows us to isolate the independent effect of SGA branding on consumer willingness to pay while

controlling for broader household and market characteristics.
Model results

The OLS results for local fruit premiums are presented in Tables 8 and Table 9. The coefficient on
the Sweet Grown Alabama indicator is consistently positive and significant for most fruits except
Blueberries and Peaches, implying that the state-branded label commands an additional premium
beyond the generic “local” designation. For instance, SGA-labeled fruits such as Satsuma
mandarins, strawberries, and tomatoes receive some of the highest price premiums, ranging from
roughly 0.30 to 0.77 units higher than their local counterparts. This pattern reinforces the fact that
branding effect of SGA as a credible signal that consumers have their trust in, consistent with state-

level marketing program objectives.

Consumer willingness to pay for local produce is also positively associated with the
magnitude of the observed premiums. In all fruit models, the willingness to pay coefficient is
positive and statistically significant, indicating that respondents with a higher stated valuation for
the fruits tend to translate these preferences into higher price premiums for local. Age and income
display limited influence, suggesting that local fruit preferences may cut across demographic

boundaries rather than being driven by a specific consumer group.

Educational attainment, on the other hand, shows modest but directionally consistent

effects. Respondents with a four-year college degree or higher generally exhibit larger local
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premiums than those with a high school education or less, potentially reflecting higher awareness
of local food systems and product origin labeling. Household structure variables such as the
number of children or adults do not significantly affect premiums, indicating that family

composition has limited bearing on local fruit purchasing behavior.

Behavioral and motivational variables, reported in Table 9, reveal that shopping location
could be an important factor in shaping observed premiums. This idea is something very similar
to what we see from Table 7. The premiums and the difference in the premiums on local are
affected by where the consumers prefer to shop. Purchases from major grocery chains are
associated with lower local premiums, while local supermarkets and small local outlets tend to
yield higher premiums consistent with consumer expectations of freshness, quality, and producer
proximity in smaller retail environments, though the effects are statistically insignificant.
Frequency of purchase is strongly correlated with willingness to pay a premium. Relative to
respondents who have never purchased local produce or are unsure when they last did so, those
who purchase local fruits more frequently exhibit consistently higher premiums, indicating that

regular consumers of local tend to ascribe greater value to locally produced and labeled items.

Finally, motivational factors underscore the role of intrinsic and place-based preferences.
Individuals citing health or altruistic motives (e.g., supporting local farmers or community
wellbeing), though the effects vary by product the factors do not have significant impact on the
consumers’ willingness to pay a premium. Also, the importance of what consumers think as local
has a positive but not significant impact on the willingness to pay premiums. Taken together, the

evidence suggests that the Sweet Grown Alabama brand effect, consumers’ choice of retail outlet,
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frequency of local produce purchases, and stated preferences for specific fruits jointly determine

both the existence and the magnitude of the observed premiums.

Tables 10 and 11 present OLS results on vegetables. Like fruit models, most coefficients
indicate a positive association between local labeling and consumers’ willingness to pay
premiums, suggesting the presence of local premiums even though statistical significance varies
across products. The impact of the state brand on consumers’ willingness to pay appears somewhat
lower for vegetables compared to fruits, implying that branding effects may be more pronounced
for fruit products. The Sweet Grown Alabama (SGA) label is positive for several vegetables,
including bell peppers, sweet corn, black-eyed peas, and okra, indicating that the program may
enhance perceived value relative to generic local vegetables, although in many cases these effects
are not statistically significant. The relationship between stated willingness to pay and the
observed premiums remains directionally consistent with expectations. Consumers reporting
higher willingness to pay for the vegetables grown anywhere in the country tend to exhibit larger

premiums, though the magnitude of these effects varies across vegetables.

Demographic characteristics such as age, income, and household size have limited
explanatory power, reinforcing the idea of heterogeneity of preference across consumers.
Shopping location and purchase behavior also help explain variation in premiums. Estimates for
major grocery chains are negative in most cases, implying lower local premiums relative to smaller
retail settings. In contrast, the coefficients for local supermarkets and small local outlets are
generally positive, suggesting that smaller or community-based outlets may facilitate stronger

consumer connections to local produce. The direction of these effects, even when not significant,
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remains consistent with patterns observed in previous studies of local food purchasing. Purchase
frequency continues to show a clear and positive association with premium size. Relative to
respondents who rarely or never buy local produce, those reporting monthly or weekly local
purchases exhibit higher premiums across several vegetable categories. This suggests that
familiarity with local markets and repeated purchasing experience may reinforce valuation of local

attributes.

Finally, motivational variables provide additional context. Respondents citing health-
related or altruistic reasons for buying local often display modestly higher premiums, though these
effects are not uniformly significant. Definitions of what constitutes “local”, for example,
Alabama-grown versus within 100 miles, also produce some variation in estimated premiums,
pointing to differences in how consumers interpret geographic proximity. Overall, the evidence
indicates that variation in local vegetable premiums is influenced by a combination of factors,
including the perceived credibility of the SGA label, shopping venue, purchase frequency, and
underlying consumer preferences. While not all effects are statistically significant, the consistent
directional patterns across vegetable types suggest that branding, access, and familiarity all
contribute to shaping consumers’ valuation of locally produced vegetables. These results also
point to substantial heterogeneity among consumers. While average effects suggest the existence
of local premiums, the magnitude and statistical strength of these premiums vary across
respondents. Differences in personal preferences, purchasing habits, and perceptions of what
constitutes “local” likely contribute to this variation. Some consumers may place greater value on

freshness or community support, while others might prioritize convenience or price.
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The Tobit estimates presented in Tables 12 and 13 show very similar results to OLS. The
state branding has a stronger and more significant impact, ranging from $0.35 — $0.75 over generic
local. Age, Gender and Income do have some impacts but majorly they fail to determine the
willingness to pay premiums in this study. The location of shopping such as shopping at Local
supermarkets for Watermelons and Satsuma Mandarins entails a premium of about 60 cents each,
while buying from a small local store can be attributed to a higher premium for local Strawberry
(20 cents) and Satsuma Mandarins (46 cents). For the regularity of shopping for local fruits we
see a strong and significant effect. In general, we see that consumers who buy more frequently

locally produced fruits are willing to pay more premiums for majority of the fruits in our survey.

In case of the vegetables Tables 14 and 15 we see that the impact of the state branding are
not pronounced and not significant with the exception of Bell Peppers and Black Eyed Peas. For
these two categories, SGA brand brings in an extra premium of 35 cent and 47 cent over the
generic local products. Age, Education or the decision maker does not help us much in explaining
the attitude of the consumers towards local vegetables. Consumers were willing to pay less (50
cent less) for local sweet potatoes when buying them from Major Grocery Chains, while local
Collard Greens when bought from Local Supermarket have a premium of about 60 cents. For the
frequency of purchase, we find the premiums to be logical and intuitive but for most of the
vegetables they are insignificant. For Bell Peppers, we see a significant premium for local of 32
cents when buying monthly and about 53 cents when buying weekly. Also, weekly buying of local

Sweet Corn and Yellow Squash has a premium upwards of 60 cents.
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Turning to motivational factors, the variable capturing urban residence is generally
negative but not statistically significant, indicating no clear difference in valuation between urban
and rural consumers. Among stated motivations for buying local food, respondents who cited
health reasons exhibit somewhat higher premiums for a few vegetables, although significance
appears only for collard greens, where the effect is positive and statistically meaningful. The
coefficients on altruistic motivations, while mostly positive, are not consistently significant,
suggesting that pro-social motives alone may not strongly predict willingness to pay for local

vegetables.

In terms of place-based perceptions, respondents identifying Alabama as “local” show no
systematic premium differences compared to those using broader definitions, whereas those
defining “local” as within 100 miles tend to have lower estimated premiums. For collard greens
in our sample, the consumers believing local to be 100 miles are willing to pay about 85cent less
consumer having a broader definition of being produced anywhere in the U.S or produced in
neighboring states. Across both fruits and vegetables, the OLS results indicate generally positive
premiums for locally produced goods, with a statistically significant SGA branding premium
observed for certain commodities. These findings suggest that consumers do differentiate between
generic local and state-branded products, particularly when the Sweet Grown Alabama label is

present.
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Conclusion

This study set out to quantify consumers’ willingness to pay for locally produced fruits and
vegetables in Alabama and to evaluate the additional market value conferred by the Sweet Grown
Alabama state branding program. Drawing on a large and demographically representative sample,
we employed a carefully structured contingent valuation framework with a “cheap talk” script,
and post survey checks, to ensure the applicability of the results from the survey. Beyond
estimating average premiums, this study contributes to the literature by expanding the scope of
WTP research to capture and bring forward the presence of heterogeneity in consumer preferences
across a wider basket of fruits and vegetables, while controlling for the commonly cited
demographic correlates (such as gender, education, income, and the urban—rural divide). We
advance the idea that consumer attitudes and preferences, reflected in their willingness to pay
premiums for local over and above their U.S. prices, are not uniform across all produce types.
Rather, they vary in both direction and magnitude, as seen in the positive or negative premiums
associated with individual commodities. Even after accounting for these differences, our findings
remain robust, consumers in Alabama exhibit statistically significant premiums for produce
labeled as grown within the state, underscoring the economic relevance of local origin and state-

level branding initiatives in shaping consumer preferences.

These premiums are not merely hypothetical constructs. The adjusted estimates, supported
by rigorous econometric analysis, reflect a persistent and meaningful demand for locally produced
food, one that extends beyond perceptions of quality or freshness to encompass deeper values.

When asked about their motivations, many respondents cited a desire to support local farmers, a
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reason that emerged as both strong and consistent across the sample. This motivation reflects a
broader sense of community identity and economic stewardship, suggesting that the preference
for local produce is grounded as much in civic and social considerations as in product attributes.
Our empirical findings further demonstrate that local origin alone commands a significant
premium across most product categories, highlighting the intrinsic value consumers place on
Alabama grown produce. However, the additional value associated with the Sweet Grown
Alabama brand is more differentiated, varying across commodities and consumer segments. This
suggests that while local origin serves as a broad quality cue, state-level branding initiatives like
Sweet Grown Alabama create an added layer of distinction, reinforcing consumer trust and
signaling authenticity within an already favorable local food landscape. From a policy perspective,
these findings offer important direction. Consumer support for local agriculture is widespread and
resilient, even after controlling for potential bias, indicating fertile ground for public and private
investment in local food infrastructure. Branding programs like SGA can play an important role
in reinforcing consumer confidence and recognition, but their design must move beyond visual
identity to incorporate transparent certification standards, credible sourcing, and alignment with
consumer motivations. Notably, our study suggests that while retail partnerships with regional
grocery chains, namely Greer’s and Piggly Wiggly provide broad exposure, they may not
sufficiently capture the attention of the most engaged local food consumers. A substantial segment
of our respondents expressed a strong preference for farmers’ markets among direct-to-consumer
channels. Integrating SGA branding more explicitly into these settings represents a promising

avenue for both market development and brand legitimacy.
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In conclusion, this research affirms that “local” is not merely a marketing label, it is a
meaningful attribute that reflects consumers’ values, behaviors, and willingness to invest in their
communities. While effective branding can enhance this dynamic, its success depends on being
rooted in substance and delivered through channels that resonate with consumers lived experience.
As other states look to strengthen their own agricultural economies, the Alabama case offers
important lessons. Robust consumer demand exists for locally produced food, and programs that
connect this demand with trusted, visible, and value-aligned branding efforts can play a vital role
in fostering more resilient and regionally anchored food systems. By demonstrating that
consumers are willing to pay meaningful premiums for locally branded produce, the findings
underscore the economic rationale for public support of branding initiatives that strengthen local

food systems and benefit in-state producers.

From a policy perspective, these findings offer valuable guidance. Consumer support for
local agriculture in Alabama is both widespread and resilient even after adjusting for potential
hypothetical bias, suggesting a strong foundation for public and private investment in local food
infrastructure. Branding programs such as Sweet Grown Alabama (SGA) can play a critical role
in reinforcing consumer confidence and recognition; however, their long-term success depends on
moving beyond visual identity toward transparent certification standards, credible sourcing, and

alignment with consumer motivations.

While retail partnerships with regional grocery chains (e.g., Greer’s and Piggly Wiggly)
offer valuable exposure, our results indicate that they may not fully engage the most committed

local food consumers. A substantial segment of respondents expressed a preference for direct-to-
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consumer channels, particularly farmers’ markets, which remain important touchpoints for
building trust and authenticity. Strengthening SGA’s presence within these settings could thus
enhance both brand legitimacy and market reach, while also supporting the vitality of community-

based local food systems.

At the same time, this research provides a foundation rather than a final statement. The
analysis brings forward the idea that consumer valuation of local produce varies across
commodities, reflecting differences in preferences and product-specific attributes. However, the
precise mechanisms driving these variations, whether rooted in taste, perishability, familiarity, or
marketing exposure warrant further exploration. Future research could complement this study with
field or market-based experiments, helping to validate stated preferences with observed behavior
and deepen understanding of what drives the observed premiums. Finally, the timing of this survey
may have coincided with seasonal variation in the availability or salience of certain fruits and
vegetables, a factor that could influence reported willingness to pay. Incorporating seasonality
effects into future analyses would offer a more nuanced understanding of local demand dynamics
throughout the year. In conclusion, this research affirms that “local” is not merely a marketing
term but a meaningful economic and social attribute reflecting consumers’ values and willingness
to invest in their communities. Effective branding can amplify these values, but its success
depends on being grounded in substance and delivered through channels that resonate with
consumer experience. As other states consider strategies to strengthen their agricultural

economies, the Alabama case illustrates that robust consumer demand for locally produced food
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already exists, and that well-designed, value- aligned branding initiatives can play a vital role in

building more resilient and regionally anchored food systems.
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Table 1: Summary of Demographic Variables

Variable Category Value
Age 1824 years 214
25-54 years 607
55 years or older 230
Gender Male 421
Female 630
Education High school or less 446
Some college / 2-year College degree 388
4-year College degree 160
Graduate or professional degree 57
Household Income Less than $10,000 133
$10,000-$19,999 115
$20,000-$29,999 141
$30,000-$39,999 130
$40,000-$49,999 100
$50,000-$59,999 105
$60,000-$69,999 49
$70,000-$79,999 6l
$80,000-$89,999 41
$90,000-$99,999 39
$100,000 and above 133
Residence Area Urban 576
Rural 475
Category Alabama 537
Sweet Grown Alabama (SGA) 514
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Table 2: Summary of Perceptions and Purchasing Behavior Variables

Variable Category Frequency
Definition of Local Food Produced in Alabama 573
Produced within 100 miles from the store 250
Produced anywhere in the Southeastern U.S. 42
Produced in any neighboring states 52
Produced within 400 miles from the store 45
Produced anywhere in the U.S. 89
Frequency of Purchasing Alabama-Grown Produce Monthly 429
Never or I do not know 206
At least once per year 206
Weekly 210
Primary Household Shopper You 596
You and another adult in the household 341
Another adult in or outside the household 114
Primary motivations for Buying Local Food To support local farmers 435
Product quality 200
To support local economy 155
Food safety 86
Health benefits 88
None 37
Minimize environmental impacts 26
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Table 3: Primary Place of Purchase for Alabama-Grown Fruits and Vegetables

Place of Purchase (any position) Frequency
Farmers’ Market 579
Farm Stand or Truck/Stall 351
Local Supermarket 591
Major Grocery Chain 280
Community Supported Agriculture (CSA) 55

Note: Each respondent could choose more than one place of purchase.

Table 4: Average Willingness to Pay (WTP) by Product and Brand

Product U.S. Price AL Price SGA Price N (AL) N (SGA)
Tomatoes (1 1b) 2.96 4.15 4.64 528 510
Strawberries (1 1b) 3.84 5.52 5.70 532 509
Bell Peppers (1 unit) 1.82 2.36 2.82 525 501
Sweet-Corn (1 ear) 1.54 2.45 243 167 167
Black-eyed Peas (1 1b) 2.36 2.68 3.69 180 178
Cucumber (1 unit) 1.40 1.86 2.18 178 157
Sweet Potato (1 1b) 2.89 391 4.09 174 170
Watermelon (1 unit) 5.41 7.11 7.21 164 177
Cantaloupe (1 unit) 3.09 4.27 4.42 194 163
Collard Greens (1 Ib) 3.04 3.71 4.07 160 191
Yellow Squash (1 1b) 2.69 3.73 3.62 179 160
Okra (1 Ib) 2.67 3.52 3.58 191 158
Blueberries (1 pint) 343 4.84 4.93 178 165
Satsuma Mandarin (1 Ib) 3.26 3.67 4.42 179 181
Peaches (1 1b) 3.81 542 5.30 175 165

Notes: The prices mentioned in the table are USD ($). N represents number of
participants.
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Table 5: Price Differences and Significance between U.S., Alabama, and SGA

Product U.S. vs AL U.S. vs SGA
Tomato 1.192 *** 1.686 ***
Strawberry 1.687 *** 1.87 ***

Bell Peppers 0.531 **x* [ *x*

Sweet Corn 0.914 *** 0.895 ***
Black-eyed Peas 0.325 1.329 ***
Cucumber 0.46 ** 0.783 ***
Sweet Potatoes 1.02 ** 1.202 ***
Watermelon 1.7 *** 1.796 ***
Cantaloupe 1.178 *** 1.331 **x*
Collard Greens 0.673 ** 1.03] ***
Yellow Squash 1.044 *** 0.927 ***
Okra 0.846 *** 0.904 ***
Blueberries 1.408 *** 1.499 ***
Satsuma Mandarins 0411 1.166 ***
Peaches 1.608 *** 1.489 ***

Notes: Asterisks indicate Welch t-test significance: *p <0.10, **p <0.05, ***p <0.01. The
results are Holm—Bonferroni Adjusted.
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Table 6: Price Differences and Significance between U.S., Alabama, and SGA (21% adjusted)

Product U.S. vs AL U.S. vs SGA
Tomato 0.790 *** 1.261 ***
Strawberry 1.138 *** 1.377 ***
Bell Peppers 0.412 ** 0.780 ***
Sweet Corn 0.667 *** 0.656 **
Black-eyed Peas 0.224 1.010 ***
Cucumber 041 0.622 ***
Sweet Potatoes 0.632 0.954 **
Watermelon 1.223 *** 1.300 ***
Cantaloupe 0.873 *** 1.044 ***
Collard Greens 0.499 0.841 **

Yellow Squash 0.767 * 0.717 *

Okra 0.669 * 0.714 **
Blueberries 1.066 *** 1.098 ***
Satsuma Mandarins 0.122 0.933 ***
Peaches 1.160 *** 1.182 ***

Notes: Asterisks indicate Welch t-test significance: *p < 0.10, **p < 0.05, ***p < 0.01. These
values have been corrected by 21% for reducing hypothetical bias.
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Product

Tomato
Strawberry
Bell Peppers
Sweet Corn
Black-eyed Peas
Cucumber
Sweet Potatoes
Watermelon
Cantaloupe
Collard Greens
Yellow Squash
Okra
Blueberries

Satsuma Mandarins

Peaches

SGA

1.617
1.858
1.035
0.778
1.236
0.949
1.392
1.847
1.401
0.886
1.250
1.007
1.450
1.252
1.543

Small Local

AL SGA—AL
1.204 0.413%**
1.475 0.383**
0.683 0.352%*
0.791 0.014
0.633 0.603*
0.538 0411%*
0.780 0.612%*
1.669 0.179
1.172 0.229
0.811 0.075
0.904 0.346
1.061 0.054
1.376 0.075
0.350 0.902**
1.618 0.075

Table 7: Premiums for AL vs SGA

SGA

1.312
1.525
0.821
0.551
0.835
0.805
0.671
1.665
1.235
0.825
0.733
0.629
1.182
0.924
1.530

Major Grocery

AL SGA—AL
0.859 0.453*
1.223 0.302
0.502 0.319
0.872 0.321
0.446 0.389
0.358 0.447
0.596 0.075
1.208 0.457
1.066 0.169
0.782 0.042
0.984 0.251
0.498 0.131
1.369 0.187
0.503 0.421
1.233 0.298

SGA

1.472
1.883
1.064
0.990
1.044
0.940
1.279
1.792
1.292
1.372
1.044
0.963
1.616
1.343
1.482

Local Supermarket

AL

1.098
1.339
0.590
0.734
0.545
0.572
0.789
1.587
1.179
1.027
0.891
0.845
1.108
0.450
1.475

SGA—-AL

0.374*
(0.543 %
0.474%*
0.256
0.4997
0.368
0.490"
0.205
0.113
0.345
0.153
0.117
0.508"
0.893%*x*
0.007

Note: Entries show group-specific means for SGA and AL and their difference (AL—SGA). Asterisks indicate Welch #-test significance: *p <

0.10, *p < 0.05, **p < 0.01; T denotes p < 0.10 where used.
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Table 8: OLS Estimates of Socio-Demographic and Economic Determinants of Premiums for Local Fruits

Tomato Strawberry Watermelon Cantaloupe Blueberries Satsuma Peaches
Mandarins

SGA 0.303%** 0.366*** 0.155 0.460%* 0.139 0.772%** -0.236

0.117) (0.116) (0.248) (0.199) (0.194) (0.225) (0.204)
Willingness to Pay 0.248*** 0.192%** 0.112%* 0.280%** 0.266*** 0.240%** 0.106%*

(0.030) (0.027) (0.046) (0.059) (0.050) (0.057) (0.042)
Age 0.002 0.039 -0.009 0.378** 0.051 0.257 0.049

(0.099) (0.098) (0.205) (0.161) (0.174) (0.186) (0.172)
Income 0.004** 0.001 0.002 -0.005** 0.002 -0.003 -0.004

(0.001) (0.001) (0.003) (0.002) (0.002) (0.003) (0.003)
Some college / 2-year 0.069 0.019 -0.032 -0.043 0.002 0.326 -0.168
College degree

(0.135) (0.135) (0.294) (0.227) (0.225) (0.259) (0.243)
4-year College degree -0.013 -0.200 0.067 -0.038 -0.104 0.183 0.213

(0.187) (0.186) (0.398) (0.309) (0.321) (0.352) (0.330)
Graduate or professional -0.308 -0.175 -0.376 0.490 -0.480 0.722 0.367
degree

(0.280) (0.279) (0.555) (0.531) (0.529) (0.510) (0.489)
Children in your -0.028 0.011 0.034 0.038 0.011 -0.033 0.092
household

(0.044) (0.044) (0.091) (0.073) (0.069) (0.081) (0.086)
Adults in your household -0.036 -0.049 0.083 0.045 0.142 0.133 -0.103

(0.049) (0.048) (0.107) (0.079) (0.086) (0.090) (0.084)
Urban -0.167 -0.024 0.370 -0.015 -0.187 0.037 0.120

(0.118) (0.117) (0.248) (0.199) (0.199) (0.228) (0.208)
Gender: Male 0.189 -0.010 -0.091 -0.066 -0.068 -0.186 0.154

(0.122) (0.122) (0.265) (0.205) (0.212) (0.229) (0.214)

Notes: *p < 0.10, **p < 0.05, **p < 0.01 indicate the Welch t-test significance. Standard errors in parenthesis.
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Table 9: OLS Estimates of Behavioral and Motivational Determinants of Premiums for Local Fruits

Tomato Strawberry Watermelon Cantaloupe Blueberries Satsum.a Peaches
Mandarins
Where do you buy from:
Major Grocery chain -0.267%*  -0.251* -0.127 0.046 -0.066 -0.091 -0.024
(0.133)  (0.132) (0.270) (0.228) (0.222) (0.246) (0.243)
Small Local 0.213 0.218 0.406 0.241 -0.129 0.468* 0.258
(0.144)  (0.142) (0.297) (0.254) (0.253) (0.258) (0.252)
Local Supermarket 0.035 0.047 0.582%** 0.201 -0.159 0.567** 0.052
(0.122)  (0.122) (0.265) (0.205) (0.210) (0.228) (0.217)
Who Makes the purchase decision
Another or outside adult
-0.226 -0.039 0.010 0.427 -0.536 0.577 0.080
(0.210)  (0.209) (0.394) (0.395) (0.340) (0.397) (0.382)
You and another adult 0.039 0.043 -0.216 0.355 0.204 0.148 -0.322
(0.133)  (0.133) (0.286) (0.225) (0.224) (0.256) (0.230)
How frequently do you buy local:
At least once per year
0.325*  0.456** 1.035%** 0.425 0.745** -0.173 0.662*
(0.196)  (0.195) (0.409) (0.340) (0.320) (0.379) (0.349)
Monthly 0.365** 0.447***  (.814** 0.832%**  (.866*** -0.119 0.788**
(0.173)  (0.173) (0.361) (0.306) (0.288) (0.326) (0.322)
Weekly 0.425**  0.465** 0.547 0.287 1.149%%** -0.196 0.269
(0.196)  (0.195) (0.412) (0.331) (0.329) (0.363) (0.354)

Notes: *p < 0.10, **p < 0.05, **p < 0.01 indicate the Welch t-test significance. Standard errors in parenthesis.
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Table 9: OLS Estimates of Behavioral and Motivational Determinants of Premiums for Local Fruits (continued)

Tomato Strawberry Watermelon Cantaloupe Blueberries Satsum.a Peaches
Mandarins
What is the primary reason for buying local:
Health
0.225 -0.003 0.201 -0.616 0.101 -0.583 -0.374
(0.283) (0.286) (0.604) (0.437) (0.560) (0.635) (0.427)
Altruistic 0.281 -0.041 0.102 -0.681 0.034 -0.921 0.139
(0.280) (0.283) (0.588) (0.437) (0.568) (0.628) (0.417)
What is local:
Alabama
0.062 0.121 0.352 -0.253 0.015 0.241 0.052
(0.154) (0.154) (0.323) (0.269) (0.266) (0.283) (0.279)
100 miles -0.136 -0.243 0.070 -0.281 -0.011 -0.478 -0.221
(0.178) (0.178) (0.371) (0.306) (0.305) (0.326) (0.316)
Constant -0.443 0.248 -1.051 -0.491 -0.669 -0.946 0.662
(0.467) (0.473) (1.080) (0.753) (0.834) (0.943) (0.765)
Observations 980 980 320 332 327 337 315

Notes: *p < 0.10, **p < 0.05, **p < 0.01 indicate the Welch t-test significance. Standard errors in parenthesis.
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Table 10: OLS Estimates of Socio-Demographic and Economic Determinants of Premiums for Local Vegetables

Bell Peppers Sweetcorn Black eyed Peas CucumberSweet Potatoes Collard Greens Yellow Squash Okra

SGA 0.339%**  (0.183 0.427** 0.219 0.238 0.186 0.169 0.185
(0.105) (0.171) (0.203) (0.165) (0.194) (0.242) (0.190) (0.207)
Willingness to Pay 0.286%**  0.469*** (.266*** 0.353%%** (.199*** 0.092 0.270%** 0.322%%**
(0.035) (0.076) (0.061) (0.076)  (0.041) (0.061) (0.047) (0.059)
Age 0.103 0.108 0.163 0.033 -0.001 0.161 0.025 0.074
(0.088) (0.151) (0.168) (0.143)  (0.176) (0.217) (0.169) (0.168)
Income 0.001 -0.000 0.003 -0.002  0.001 0.004 0.001 -0.001
(0.001) (0.002) (0.002) (0.002)  (0.002) (0.003) (0.002) (0.003)
Some college / 2-year College -0.105 -0.094 -0.182 0.325*  0.065 -0.015 -0.102 0.090
degree
(0.122) (0.198) (0.238) (0.193) (0.226) (0.280) (0.223) (0.229)
4-year College degree 0.083 -0.221 0.236 0.402 0.014 -0.019 -0.130 0.321
(0.167) (0.289) (0.313) (0.266) (0.311) (0.391) (0.318) (0.304)
Graduate or professional 0.002 0.541 0.252 0.330 0.274 0.223 -0.178 0.615
degree
(0.256) (0.457) (0.456) (0.423) (0.489) (0.662) (0.430) (0.532)
Children in your household ~ 0.039 0.008 0.058 0.091 0.005 -0.099 0.016 0.043
(0.039) (0.062) (0.074) (0.067)  (0.077) (0.091) (0.074) (0.070)
Adults in your household -0.041 0.006 -0.058 0.015 -0.041 -0.137 0.140* -0.090
(0.044) (0.072) (0.083) (0.072)  (0.084) (0.107) (0.074) (0.087)
Urban -0.099 -0.219 -0.123 0.087 -0.023 -0.166 -0.103 0.103
(0.106) (0.171) (0.204) (0.171)  (0.196) (0.244) (0.199) (0.205)
Gender: Male 0.077 -0.014 0.101 -0.061  0.267 0.062 0.039 -0.058
(0.110) (0.178) (0.213) (0.175)  (0.204) (0.255) (0.197) (0.209)

Notes: Standard errors (clustered at the respondent level) are reported in parentheses. Significance levels: * p <0.10,
¥ p <0.05, *** p<0.01
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Table 11: OLS Estimates of Behavioral and Motivational Determinants of Premiums for Local Vegetables

Bell Sweetcorn Black eyed Cucumber Sweet Collard Yellow Okra
Peppers Peas Potatoes Greens Squash
Where do you buy from:

Major Grocery chain 0.074 0.175 0.128 0153 -0451** 0321 0.045 0257
(0.119) (0.188) (0.231) (0.188) (0.222) (0.277) (0.218)  (0.229)

Small Local 0.189 -0.148 0.023 0.276 0.114 -0.360 0.393* 0248
(0.130) (0.210) (0.251) (0.204) (0.231) (0.320) (0.228)  (0.239)

Local Supermarket 0.090 -0.078 0.029 0.176 -0.015 0.524%* 20.009  0.182
(0.111) (0.179) (0.215) (0.179) (0.204) (0.251) (0.204)  (0.213)

Who Makes the purchase decision:
Another or outside adult -0.101 0.250 -0.401 -0.082 0223 0.235 0216 -0.095
(0.187) 0.311) (0.365) (0.289) (0.350) (0.445) (0.335)  (0.369)
You and another adult -0.013 0.072 -0.087 -0.014 -0.169 0.239 20.075  0.047
(0.120) (0.197) (0.230) (0.191) (0.220) (0.274) (0.219)  (0.228)
How frequently do you buy local

At least once per year 0215 0.394 0.084 0.220 0.040 0.156 0.139  0.613*
(0.175) (0.282) (0.340) (0.276) (0.328) (0.443) (0.321)  (0.340)

Monthly 0.321%* 0.314 0.293 0.412% 0.242 0.119 0236 0375
(0.156) (0.266) (0.297) (0.242) (0.281) (0.366) (0.296)  (0.295)

Weekly 0.447%* 0.323 0.319 0.259 0.378 0.250 0.586*  0.160
(0.177) (0.290) (0.325) (0.301) (0.333) (0.427) (0.328)  (0.327)

Notes: Standard errors (clustered at the respondent level) are reported in parentheses. Significance levels: * p < 0.10,

% p < 0.05, *** p < 0.01
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Table 11: OLS Estimates of Behavioral and Motivational Determinants of Premiums for Local Vegetables (Continued)

Black eyed Sweet Collard Yellow
Bell Peppers Sweetcorn Peas Cucumber Potatoes Greens Squash Ok
What is the primary reason for buying local:
Health -0.478* 0.476 0.335 -0.122 0.234 -1.110 -0.257  0.180
(0.260) (0.463) (0.414) (0.463) (0.538) (0.7406) (0.421) (0.465)
Altruistic -0.233 0.592 0.409 -0.051 0.252 -0.972 -0.266  0.534
(0.257) (0.456) (0.414) (0.452) (0.533) (0.747) (0.407) (0.464)
What is local :
Alabama

0.009 -0.108 0.324 -0.274 -0.085 -0.161 0.018  0.429*
(0.139) (0.222) (0.272) (0.217) (0.249) (0.326) (0.243) (0.257)

100 miles -0.226 -0.035 -0.017 -0.472% -0.157 -0.948** 0.006  -0.183
(0.160) (0.266) (0.312) (0.247) (0.304) (0.380) (0.287)  (0.299)

Constant -0.157 -0.591 -1.045 -0.389 -0.197 1.798* -0.523  -1.066

(0.420) (0.715) (0.724) (0.733) (0.787) (1.041) (0.728) (0.817)
Notes: Standard errors (clustered at the respondent level) are reported in parentheses. Significance levels: * p <0.10,
**p <0.05, *** p<0.01
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Table 12: Tobit Estimates of Determinants of Premiums for Local Fruits (Part 1)

Tomato Strawberry Watermelon  Cantaloupe  Blueberries Satsuma Mandarins  Peaches
Program / Price
SGA 0.359%**  (.35]*** 0.117 0.481** 0.131 0.757%** -0.300
(0.127) (0.129) (0.280) (0.211) (0.207) (0.237) (0.214)
Demographics
Age -0.159 -0.115 -0.089 0.228 -0.043 -0.047 -0.009
(0.106) (0.108) (0.230) (0.169) (0.184) (0.193) (0.177)
Gender: Male 0.249* 0.065 -0.063 0.096 0.074 -0.194 0.181
(0.133) (0.135) (0.295) (0.215) (0.224) (0.240) (0.223)
Income 0.005***  0.003* 0.003 -0.005%* 0.002 -0.000 -0.003
(0.001) (0.002) (0.003) (0.003) (0.002) (0.003) (0.003)
Primary Purchaser
Another or outside adult  -0.108 0.035 0.075 0.379 -0.516 0.678 -0.020
(0.228) (0.230) (0.444) (0.421) (0.357) (0.423) (0.400)
You and another adult 0.056 -0.023 -0.191 0.314 0.165 0.099 -0.420*
(0.146) (0.148) (0.323) (0.238) (0.239) (0.269) (0.240)
Education (base: HS or less)
Some college / 2-year 0.082 0.044 -0.116 -0.124 -0.033 0.529* -0.245
degree
(0.148) (0.150) (0.327) (0.241) (0.237) (0.272) (0.254)
4-year degree 0.017 -0.168 0.045 -0.189 -0.091 0.393 0.122
(0.203) (0.206) (0.450) (0.326) (0.338) (0.369) (0.344)
Graduate / professional ~ -0.420 -0.264 -0.631 0.315 -0.038 0.657 0.175
degree
(0.308) (0.313) (0.621) (0.564) (0.557) (0.540) (0.514)

Notes: Standard errors (clustered at the respondent level) are reported in parentheses. Significance levels: * p <0.10,
** p <0.05, *** p <0.01. In the table, we have not mentioned the results for WTP variables. They have very similar results to the OLS

regressions and are positive and significant.
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Table 13: Tobit Estimates of Determinants of Premiums for Local Fruits (Part 2)

Tomato Strawberry Watermelon Cantaloupe Blueberries &:;‘2;?}38 Peaches
Shopping Location (base: other)
Major Grocery chain -0.158 -0.216 -0.141 0.098 0.013 -0.147 0.055
(0.145) (0.146) (0.305) (0.242) (0.235) (0.260) (0.255)
Small Local 0.220 0.260* 0.444 0.243 -0.187 0.461* 0.271
(0.156) (0.158) (0.335) (0.269) (0.269) (0.272) (0.263)
Local Supermarket 0.025 0.014 0.661** 0.152 -0.202 0.679***  -0.013

(0.134)  (0.136) 0297)  (0.217)  (0.223) 0241)  (0.227)

Buying Frequency (base: less
than yearly)

At least once per year 0.341 0.469** 1.174%** 0.316 0.655* -0.306 0.704*
(0.214) (0.217) (0.462) (0.360) (0.341) (0.401) (0.363)

Monthly 0.368* 0.485%** 0.809**  0.852%***  (.953%** -0.112 0.866**
(0.190) (0.192) (0.408) (0.325) (0.307) (0.345) (0.339)

Weekly 0.447**  (0.523** 0.574 0.371 1.170%** 0.029 0.301

0215  (0.217) 0467)  (0.351)  (0.352) 0.384)  (0.373)

Household Composition

Children below 18 in household -0.025 0.011 0.028 0.065 0.017 -0.031 0.097
(0.048)  (0.048) 0.102)  (0.077)  (0.073) (0.084)  (0.088)
Adults in household -0.053 -0.060 0.091 0.059 0.155* 0.111 -0.121
(0.053)  (0.054) (0.120)  (0.085)  (0.092) (0.094)  (0.087)

Notes: Standard errors (clustered at the respondent level) are reported in parentheses. Significance levels: * p <0.10,
**p<0.05, *** p <0.01
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Table 13: Tobit Estimates of Determinants of Premiums for Local Fruits (Part 2 continued)

Tomato Strawberry Watermelon Cantaloupe Blueberries h/?:rtlsdl:rrilis Peaches
Place / Motivation

Urban -0.207 -0.073 0.446 -0.047 -0.212 -0.106 0.109
(0.129) (0.131) (0.280) (0.211) (0.212) (0.240) (0.217)

Health 0.354 -0.039 0.295 -0.588 0.209 -0.575 -0.259
(0.310) (0.318) (0.678) (0.467) (0.596) (0.677) (0.447)

Altruistic 0.418 -0.028 0.218 -0.656 0.331 -0.923 0.210
(0.307) (0.315) (0.662) (0.467) (0.603) (0.669) (0.439)

Alabama -0.053 0.099 0.334 -0.272 -0.118 0.264 -0.009
(0.168) (0.170) (0.359) (0.287) (0.278) (0.299) (0.293)

100 miles -0.277 -0.306 0.121 -0.277 -0.030 -0.506 -0.284
(0.195) (0.197) (0.415) (0.325) (0.321) (0.345) (0.331)

Constant 0.474 1.256** -0.430 0.515 0.161 0.410 1.270
(0.497) (0.505) (1.199) (0.778) (0.875) (0.976) (0.774)

Notes: Standard errors (clustered at the respondent level) are reported in parentheses. Significance levels: * p <0.10,
¥ p <0.05, *** p<0.01.
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Table 14: Tobit Estimates of Determinants of Premiums for Local Vegetables (Part 1)

Bell Sweetcorn Black eyed Cucumber Sweet Collard Greens Yellow Squash Okra
Peppers Peas Potatoes
Program / Price
SGA 0.354***  0.191 0.470** 0.253 0.200 0.244 0.104 0.177
(0.110) (0.178) (0.210) (0.173) (0.204) (0.247) (0.200) (0.217)
Demographics
Age 0.029 -0.141 0.040 -0.195 -0.267 0.111 -0.189 -0.158
(0.092) (0.153) (0.173) (0.143) (0.179) (0.214) (0.171) (0.173)
Gender: Male 0.180 0.201 0.223 0.108 0.332 0.079 0.179 -0.007
(0.115) (0.184) (0.219) (0.180) (0.214) (0.260) (0.206) (0.217)
Income 0.001 0.000 0.003 -0.001 0.002 0.004 0.002 0.001
(0.001) (0.002) (0.002) (0.002) (0.002) (0.003) (0.002) (0.003)
Primary Purchaser
Another or outside adult ~ 0.055 0.023 -0.408 -0.166 -0.209 0.413 -0.142 0.062
(0.195) (0.314) (0.380) (0.302) (0.368) (0.456) (0.354) (0.385)
You and another adult 0.002 -0.083 -0.058 -0.061 -0.208 0.329 -0.131 0.087
(0.126) (0.2006) (0.239) (0.196) (0.231) (0.280) (0.230) (0.238)
Education (base: HS or less)
Some college / 2-year 133 0047 -0.276 0.131 0.155 0.053 0186 0.068
College degree
(0.128) (0.207) (0.246) (0.198) (0.237) (0.286) (0.233) (0.240)
4-year College degree 0.065 -0.354 0.114 0.187 -0.056 0.072 -0.236 0.336
(0.175) (0.291) (0.326) (0.275) (0.325) (0.400) (0.334) (0.315)
Craduate d"erglr’ergfess“’nal 0148 0.290 0.078 0.066 0.150 0.483 0456 0.559
(0.267) (0.482) (0.474) (0.442) (0.519) (0.683) (0.451) (0.564)

Notes: Standard errors (clustered at the respondent level) are reported in parentheses. Significance levels: * p <0.10, ** p <0.05, *** p <0.01. In
the table, we have not mentioned the results for WTP variables. They have very similar results to the OLS regressions and are positive and significant.
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Table 15: Tobit Estimates of Determinants of Premiums for Local Vegetables (Part 2)

Sweet Black eyed Sweet Collard  Yellow
Bell Peppers Corn Peasy Cucumber Potatoes  Greens Squash Okra
Shopping Location (base: other)

- Major Grocery chain -0.021 -0.140 -0.038 -0.058 -0.501**  -0.334 0211  -0.210
(0.125) (0.197) (0.240) (0.196) (0.234) (0.282)  (0.228) (0.239)

Small Local 0.204 -0.175 0.131 0.241 0.100 -0.488 0.369 0.298
(0.135) (0.220) (0.256) (0.211) (0.242) (0.327)  (0.237) (0.250)

Local Supermarket 0.151 -0.129 0.083 0.130 0.029 0.592%** 0.018 0.187
(0.116) (0.186) (0.224) (0.184) (0.215) (0.256)  (0.213) (0.223)
Buying Frequency (base: less than yearly)
At least once per year 0.171 0.205 0.310 0.216 -0.124 0.024 0.230 0.499
(0.184) (0.297) (0.351) (0.290) (0.344) (0.451)  (0.335) (0.355)
Monthly 0.323%* 0.178 0.433 0.459* 0.076 0.145 0.348 0.249
(0.164) (0.280) (0.309) (0.253) (0.296) (0.375)  (0.311) (0.310)
Weekly 0.528*** 0.604** 0.480 0.497 0.417 0.334 0.694**  0.188
(0.185) (0.307) (0.338) (0.310) (0.353) (0.437)  (0.345) (0.344)
Household Composition

Children below 18 in household 0.061 0.062 0.064 0.038 0.001 -0.080 0.041 0.049
(0.041) (0.064) (0.077) (0.070) (0.080) (0.092)  (0.078) (0.073)
Adults in household -0.046 0.012 -0.044 0.016 -0.065 -0.151 0.172** -0.152*
(0.046) (0.075) (0.086) (0.075) (0.086) (0.109)  (0.078) (0.089)

Notes: Standard errors (clustered at the respondent level) are reported in parentheses. Significance levels: * p <0.10, ** p <0.05, ***

p <0.01



Table 15: Tobit Estimates of Determinants of Premiums for Local Vegetables (Part 2 continued)

Bell Sweet  Black eyed Cucumber Sweet Collard Yellow Okra
Peppers  Corn Peas Potatoes  Greens Squash
Place / Motivation
Urban -0.114 -0.193  -0.073 0.139 -0.055 -0.276 -0.066 0.138
(0.111)  (0.180) (0.211) (0.177)  (0.207)  (0.248) (0.209) (0.215)
Health -0.381 0.450 0.277 -0.097 0.319 -1.492%* -0.147 0.201
(0.270)  (0.493) (0.432) (0.486)  (0.573) (0.784) (0.444) (0.489)
Altruistic -0.249 0.449 0.265 -0.001 0.330 -1.386%* -0.201 0.518
(0.267)  (0.484) (0.432) (0.474)  (0.567) (0.785) (0.429) (0.487)
Alabama 0.021 -0.103  0.231 -0.304 -0.140 -0.117 -0.117 0.470*
(0.144)  (0.232) (0.282) (0.226)  (0.262) (0.331) (0.252) (0.271)
100 miles -0.228 -0.158  -0.010 -0.477*  -0.248 -0.846**  -0.074 -0.170
(0.168)  (0.278) (0.320) (0.256)  (0.318) (0.385) (0.298) (0.314)
Constant 0.240 0.501 -0.443 0.468 1.043 2.564%* 0.297 0.243
(0.431)  (0.729) (0.747) (0.748)  (0.796) (1.061) (0.751) (0.819)

Notes: Standard errors (clustered at the respondent level) are reported in parentheses. Significance levels: * p <0.10,

**p <0.05, *** p<0.01
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Figure 1: Map showing respondent distribution in Alabama
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Figure 2: Density plots of WTP for fruits and vegetables produced anywhere in the U.S.

173



Premium Densities by Group (AL vs SGA)
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Appendix A:

Cheap Talk Script

This survey intends to find your willingness to pay for specific fruits and vegetables. The results
obtained from the survey will provide valuable information to agricultural producers as well as
policymakers. We are going to present you with hypothetical scenarios and ask you to provide
your truthful and thoughtful responses to the questions. In these scenarios, please be aware that
the price of a product is different from your willingness to pay. For example, the price of a pen at
a local store may be $1.00, but you may be willing to pay more for that pen. Your “willingness to
pay” would represent the maximum amount you would pay to obtain the product. In the pen
example, your willingness to pay could be $2.50, and you would be willing to buy the pen for any
price below that amount (although the actual price in the market may currently be $1.00). Although
the situations are hypothetical, please indicate the maximum price you would be willing to pay for
the fruits and vegetables as if it were a real scenario and that you were using a part of your
household income to pay here and now. Before answering the questions, please take a moment to
consider your budget.
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Appendix B: Survey and Questions

Figure B.1. Survey Flow: Blocks and Assignment Structure

Participant stating WTP for:

Block 1: Tomatoes, Strawberries, Bell Peppers (All participants)

Block 2- Corn, Black-eyed Peas, Cucumber Block 4- Collard Greens, Yellow Squash, Okra
One randomly assigned item from Block 2, 3,4& 5

/ \

Block 3- Sweet Potato, Watermelon, Cantaloupe Block 5- Blueberries, Satsuma Mandarins, Peaches
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How much are you willing to pay for 1 lb. of Tomatoes produced anywhere in the U.S.? (in $

P

Figure B.2: Question asking the WTP for 11b Tomato produced anywhere in the U.S

How much are you willing to pay for 1 lb. of Tomatoes produced in Alabama. (in $) compared to

anywhere in the US ? (The slider indicates the amount more or less that you would pay for this given what you
mentioned in the previous question)

Less Same More

1 Ib. of Tomatoes

produced in . .
Alabama

Figure B.3: Question eliciting premium for tomato produced in Alabama
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	Table C5: OLS Regression Results-Predicting Discard Decision
	Notes: The prices mentioned in the table are USD ($). N represents number of participants.


