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Abstract 

Nudging people towards healthier dietary choices is an important policy tool for 

treating and preventing obesity. However, most studies of nudging interventions fail to 

identify how cognitive processes change in response to alterations in choice architecture. 

Over four experiments, the analysis of choices, response times, eye movements, and 

Drift Diffusion Modeling revealed that a) health priming alters food attribute weighting, 

b) word options require more decision processing time than image options, and c) word-

induced increases in response time are associated with greater stimulus encoding and 

accuracy demands. Additional experiments with independent samples largely 

reproduce the results of these investigations, providing high confidence in the replicated 

findings and achieving a gold standard in growing scientific replication norms. 
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1. Introduction 

The human omnivore uses his freedom of choice in a most peculiar way … Man feeds 
not only on proteins, fats, carbohydrates, but also on symbols, myths, fantasies. The 
selection of his foods is made not only according to physiological requirements, 
perceptual and cognitive mechanisms, but also on the basis of cultural and social 
representations which result in additional constraints on what can and cannot be eaten, 
what is liked and what is disliked. As Levi-Strauss puts it, things must be ‘not only 
good to eat, but also good to think’. 

-Fischler, 1980 

Choosing what to eat is an important decision, as people make both habitual and 

deliberate choices about what foods to consume, multiple times a day, every day. It is 

important to understand dietary choice now more than ever, as the obesity epidemic in 

America continues unabated despite widespread awareness and efforts to combat the 

trend (Ogden, Carroll, Kit, & Flegal, 2014).  In 2013-2014, 35% of men and 40% of women 

in America were classified as obese (Flegal, Kruszon-Moran, Carroll, Fryar, & Ogden, 

2016), demonstrating that an incredibly large portion of the population is not making 

healthy dietary decisions. Furthermore, many people spend large sums on diet 

programs and commit huge amounts of cognitive energy in this pursuit, often only to 

fall back on unhealthy eating patterns (Byrne, Cooper, & Fairburn, 2003; Green, Larkin, 

& Sullivan, 2009). The need to curb the obesity epidemic is pressing, as affected 

individuals are more susceptible to pathologies such as coronary heart disease, stroke, 

type 2 diabetes, and more, which carry enormous costs at both individual and societal 

levels (Jensen et al., 2014).  

As a means of combating obesity, food policy experts have identified four 

primary mechanisms that are effective at promoting healthier dietary choices (Hawkes, 
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Smith, Jewell, Wardle, Hammond, Friel, ... & Kain, 2015). The first mechanism advises 

that food policies should create educational environments which promote healthy 

preference formation, as food preferences are largely learned from a very young age 

(Wardle & Cooke, 2008). The second mechanism seeks to alleviate barriers created by 

food systems in our society, such as the oft higher cost of healthy foods compared to 

their unhealthy alternatives (Rao, Afshin, Singh, & Mozaffarian, 2013). The third 

mechanism aims to enact policies that cause food systems to respond in a way that 

benefits the health of the downstream consumer. For example, mandatory trans-fat 

labelling in the United States spurred producers to actually reduce the levels of trans-

fats in their products (Unnevehr & Jagmanaite, 2008). The final policy mechanism 

advocates for systematic alterations in choice environments, harnessing the principles of 

“nudging” interventions to push people with already-established unhealthy preferences 

towards healthier dietary choices.  

“Nudges" are interventions that utilize systematic biases in human decision 

making to steer individuals towards particular choice outcomes, with policy makers 

especially interested in those outcomes that are less preferred yet have more rational 

utility (e.g., eating healthful foods rather than tastier-but-less-healthy junk foods; 

Hansen, Skov, & Skov, 2016). An important facet of nudging strategies is that they aim 

to shift behavior while preserving the freedom of choice, as opposed to regulation 

strategies that might completely ban certain foods or impose taxes on unhealthy items 

(Sunstein & Thaler, 2008). Hansen’s formal definition of nudging is presented below. 
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“A nudge is a function of (condition I) any attempt at influencing people’s judgment, 
choice or behavior in a predictable way (condition a) that is made possible because of 
cognitive boundaries, biases, routines, and habits in individual and social decision-
making posing barriers for people to perform rationally in their own self-declared 
interests, and which (condition b) works by making use of those boundaries, biases, 
routines, and habits as integral parts of such attempts.” (Hansen, 2015, p. 37) 

 
While many nudging interventions have been tested across a wide variety of 

contexts, there remain large gaps in understanding of how nudges change the cognitive 

processes governing decision making. Hansen and colleagues note that “…the process of 

implementing and testing the nudge approach, as an element of a comprehensive public 

health strategy, is currently being threatened by inadequate understandings of the scientific 

nature, status, and implications of nudging…” (Hansen, Skov, & Skov, 2016, p. 238, 

emphasis added). Thus, the experimental work contained in this dissertation is geared 

towards bolstering the nudging policy mechanism by leveraging tools from cognitive 

psychology to create a better understanding of how nudges work. The thesis 

emphasized herein is that nudging strategies may be best understood when examining 

their efficacy and psychological underpinnings in tandem. 

 The following section will briefly explore examples of nudging strategies used to 

promote healthier dietary choices and related aspects of choice environments that 

influence decision making. Subsequently, thorough review of Drift Diffusion Modeling 

(DDM) and eye tracking techniques will demonstrate how these research tools can shed 

light on the underlying processes of decision making. The experiments in Chapters 2, 3, 

and 4 combine these methodologies with novel nudging strategies and choice 

environment manipulations to foster an enhanced understanding of how nudges work 
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to advance healthier choice behavior. Discussion and conclusions are found in Chapter 

5. 

1.1 Nudging studies that push people towards healthier choices 

To date, a wide variety of nudging interventions have been tested to see if they have 

effects on dietary choice. In general, they can be separated into those nudges that alter 

the information present in the decision environment and those that alter some physical 

aspect of the decision environment. The following provides a brief survey of both types 

of these nudges.  

1.1.1 Information nudges 

One form of information nudge takes aim at food nutrition labeling, which 

provides consumers with a concrete way to compare the healthfulness of items using 

their macronutrient contents. Capitalizing on this existing information source, 

researchers have explored traffic light labeling as a means to promote healthier choices. 

Traffic light labeling is a form of nutrition labeling where food labels are marked with a 

salient color, red, yellow, and green, corresponding to unhealthy (“stop”), less healthy 

(“caution”), and healthy (“go”), respectively, and was developed using USDA healthy 

eating recommendations (U.S. Department of Agriculture & U.S. Department of Health 

and Human Services, 2005). The concept is that standard nutrition labels contain too 

much information that consumers may not know how to use effectively, so traffic light 

labeling simplifies the information into the 3-category system mentioned above. 

Researchers found significantly increased sales of green-labeled items (5-10% increase) 

and decreased sales of red-labeled items (9-24% decrease) in two different hospital 
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cafeteria settings, with larger effects seen in beverages rather than foods (Levy et al., 

2012; Thorndike et al., 2012). Further work has compared sales from cafeterias using 

traffic light labeling to cafeterias that did not introduce the intervention, and these 

comparisons showed significant, albeit much smaller (1-4% changes in purchasing), 

effects of traffic light labeling (Thorndike et al., 2012). 

Another informational nudge has targeted calorie information in the decision 

environment. Wisdom, Downs, and Loewenstein (2010) tested interventions aimed at 

reducing caloric intake at a fast food restaurant. They examined the effects of presenting 

calorie information alongside menu options and the effects of providing a suggested 

daily caloric intake and found that displaying calorie information on the fast food menu 

reduced caloric intake, but providing a suggested daily caloric intake was not effective 

for people who were already overweight.  

Other research has similarly examined the effects of calorie messaging in real-

world settings, in addition to the effect of price discounts, with less than promising 

results (Jue et al., 2012). The interventions were carried out at cafeterias and convenience 

stores within three U.S. hospitals. Signs in these settings alerted consumers to 

discounted prices on zero-calorie beverages and also to the caloric content of drinks 

expressed as the number or the exercise equivalent of that number (e.g. the amount of 

exercise needed to burn off the calories from the drink). Across a variety of combinations 

of these interventions, there were only two significant results. First, that zero-calorie 

beverage purchases increased with the price discount manipulation and, second, 

unexpectedly, that sugared beverage purchases increased by 7.30% with standard 
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calorie messaging (number of calories in a drink). The effects of all remaining 

interventions and combinations of interventions did not reach statistical significance. 

Examining these results together with those of other studies that have found success 

(Dubbert, Johnson, Schlundt, & Montague, 1984) and failure (Vyth, Steenhuis, Heymans, 

Roodenburg, Brug, & Seidell, 2011), it appears that calorie labeling has mixed efficacy 

overall (Wilson, Buckley, Buckley, & Bogomolova, 2016) and could benefit from further 

exploration of the interaction between calorie labeling and the many varied aspects of 

choice environments. 

Another nudging investigation introduced new information by offering 

consumers the option to downsize a portion of their meal at a fast-food restaurant 

(Schwartz, Riis, Elbel, & Ariely, 2012). The spontaneous rate of customers asking for 

their meals to be downsized never surpassed 1%, however, across three experiments, 18-

33% of customers voluntarily downsized their meals when offered by restaurant staff, 

resulting in 100 fewer calories consumed per meal, on average. Furthermore, when the 

food items were accompanied by calorie labels, people accepted the downsizing offer 

less frequently (14%). As an additional control, the authors tested whether downsizers 

left fewer leftovers than non-downsizers and found no difference, implying that 

decreasing the overall meal size was not compensated by an increase in the total amount 

of food eaten. 

Altering the descriptions of food items has also been explored as an 

informational nudging strategy. Short written descriptors such as “sweet and juicy” or 

“high in calories” have been shown to effectively shift food choices either towards or 
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away from unhealthy options (Grabenhorst, Schulte, Maderwald, & Brand, 2013). 

Similar work tried to increase the “attractiveness” of foods by giving them more playful 

names. Sales of healthy items were monitored at a cafeteria that was part of a 

community pool, and researchers varied labels for healthy foods, promoted price 

discounts, and offered samples to try to encourage healthier choices (Olstad, 

Goonewardene, McCargar, & Raine, 2014). Changing the labels of certain healthier foods 

(e.g., “Watermelon slushie” became “Wacky wundermelon slushy”) was performed in 

an attempt to make these items more appealing to children, although it did not have a 

significant influence on the gross sales of healthy items. Similarly, offering samples of 

the healthy items or offering a 30% price discount did not affect the gross sales of 

healthy items. Setting may be a critical factor when using this type of descriptive nudge, 

as a similar study that took place in school cafeterias found significant nudging effects. 

By renaming carrots as “X-ray Vision Carrots,” researchers found their consumption rate 

doubled compared to carrots labeled “Food of the Day” (Wansink, Just, Payne, & 

Klinger, 2012). These results replicated in a second longitudinal experiment that 

included more vegetables, such as the attractively named “Power Punch Broccoli,” “Silly 

Dilly Green Beans,” and “Tiny Tasty Tree Tops.” 

1.1.2 Physical nudges 

There are many nudges that try to change behavior by changing some aspect of 

the physical environment in which people are making decisions. For instance, much 

research has been conducted on how the size of cutlery and dinnerware can affect the 

portions of food people eat, especially in self-service environments. Taking advantage of 
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the size-contrast illusion (Aglioti, DeSouza, & Goodale, 1995), researchers examined 

whether changing the size of bowls and spoons affected the amount of ice cream taken 

at a self-serve ice cream bar (Wansink, Van Ittersum, & Painter, 2006). Individuals with 

larger bowls served themselves 31% more ice cream than those with smaller bowls, and 

those with larger spoons served themselves 14.5% more. Interestingly, the participants 

in this study were all nutrition experts, demonstrating that even those well-informed 

about the effects of unhealthy eating are susceptible to nudging interventions.  

In contrast to bowl and spoon sizes affecting ice cream consumption, another 

study found that reducing plate size caused no reduction in the amount of food plated at 

a self-service buffet (Rolls, Roe, Halverson, Meengs, 2007). Further research has failed to 

clarify the effects of container and cutlery interventions. Mishra and colleagues (2012) 

found that smaller forks led to lowered consumption when examining eating behavior 

in a laboratory setting, in line with portion size research that has indicated larger 

servings result in more food consumed (Geier, Rozin, & Doros, 2006). However, in a 

restaurant setting, the authors found opposing results, as larger forks led to lowered 

food consumption. The authors attempt to reconcile these conflicting results by 

postulating differences in consumer goals for both settings, but fail to support this claim 

with additional data. 

Another physical method for nudging healthier food choices focuses on altering 

the arrangement of food options where they are displayed. To promote the visibility of 

healthy items, researchers compared the consumption of healthy foods placed at the 

start of a breakfast buffet line to unhealthy foods placed at the start (Wansink & Hanks, 
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2013). The results were mixed, demonstrating that while consumers selected the first 

two healthy items 29% more, they also selected the last three healthy items 41% less. 

Further research on nudging has altered the shelf location of healthy items and the 

proportion of healthy items available relative to unhealthy items. While it was 

hypothesized that healthy items on the top shelf, the more visible location, would sell at 

a faster rate than unhealthy items on the less visible, bottom shelf, the data did not 

support this idea (van Kleef, Otten, & van Trijp, 2012). Manipulating the availability of 

items by making a snack food display 75% healthy items and 25% unhealthy items, 

however, made consumers 3.5 times as likely to purchase a healthy item. Similar to the 

shelf-placement nudge, but more effective, researchers have also manipulated the 

placement of food options on restaurant menus and found a 20% increase in sales when 

items were placed at the top or bottom locations, rather than in the middle of the menu 

(Dayan & Bar-Hillel, 2011). Another interesting nudge based on item availability comes 

from the variety of food items presented for sale. Researchers found that a 4-fold 

increase in the variety of candy available led to a two-fold increase in the quantity of 

sweets consumed across age groups (Kahn & Wansink, 2004). Curiously, this effect was 

only seen when the candy (jelly beans) were separated by color and not mixed together. 

Another physical nudge examined differences in consumption between whole 

and cut snack foods. Researchers compared the consumption of apples and brownies at 

a conference snack break that were presented either whole or cut into pieces (Hansen, 

Skov, Jespersen, Skov, & Schmidt, 2016). This intervention demonstrated very large 

effects, with the sliced snacks resulting in a 30% reduction in the amount of brownies 
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consumed per person and an 84% increase in the amount of apples consumed per 

person. 

Reducing the convenience of attaining foods is another physical nudge that has 

been explored to promote healthier dietary choice. Reducing the convenience of 

ordering higher calorie sandwiches increased the probability of ordering a healthier 

sandwich by 44% when the manipulation was strong (low-calorie items on first page of 

the experiment menu, rest of the options in a sealed additional portion of the menu), but 

not when it was weak (low-calorie items on the first page, rest of the menu unsealed; 

Wisdom, Downs, & Loewenstein, 2010). 

The convenience technique has also found success when smaller tongs were 

provided at a self-service salad bar. Introduction of the smaller tongs led to a decrease in 

the amount of food taken by approximately 17% when compared with food taken using 

the easier to manipulate serving spoon (Rozin, Scott, Dingley, Urbanek, Jiang, & 

Kaltenbach, 2011). Convenience has been explored in a school cafeteria setting, where 

Just and colleagues (2008) showed the effects of pre-selecting meals and payment type 

on dietary choice. In contrast to their hypothesis that selecting a meal prior to seeing it 

would result in healthier choices, the authors found pre-selection to have no effect on 

what types of items were ordered. Instead, they found that the ability to view certain 

items while ordering increased their consumption, although this included both healthy 

and unhealthy items (e.g., salads and brownies). Additionally, the authors found that 

using a prepaid debit card rather than cash led to a 25% increase in the probability of 

buying a brownie and a 27% increase in the probability of buying a soda. 
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Unsurprisingly, a prepaid debit card that was restricted to only allow the purchase of 

healthy foods increased the amount of healthy items purchased, even though 

participants also had cash to spend on unhealthy items. 

1.2 Tools for understanding the cognitive mechanisms of dietary 
choice 

How do nudges change the way decisions are processed? Do they alter 

individuals’ goals? Do they change the way people value differing food attributes 

during choice? Do they lead to more attention paid to health information? While many 

of the previous studies speculated about the decision mechanisms affected by nudging, 

few, if any, attempted to quantify changes in decision processes, and instead focus only 

on choice outcomes (e.g., proportion of healthy items sold). While increasing nudging 

outcomes is key for effective policy interventions, gaining insight and understanding 

into how underlying decision processes change in response to nudging may be critical to 

designing better strategies. Two research methodologies can help reveal the underlying 

processes that change in response to a nudge. The first is Drift Diffusion Modeling 

(DDM), which identifies subtle changes in response time distributions and maps them to 

psychological processes. The second method is eye tracking, which provides insight into 

the decision process as it unfolds through people’s gaze patterns. These two 

methodologies for examining cognitive processes are described below. 

1.2.1 Drift Diffusion Modeling 

The Drift Diffusion Model (DDM) has become a powerful tool for understanding 

human behavior since its inception in the 1970s (Ratcliff, 1978). To provide the reader 
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with a foundation in DDM methodology, the technique will first be described in its 

larger theoretical context. Then, the parameters that describe Ratcliff’s DDM (Ratcliff & 

McKoon, 2008) will be explained to give the reader a better understanding of the control 

users have over the DDM, as well as the cognitive processes that the DDM models. 

Lastly, a brief review of the neurobiological evidence for this model will be provided. 

1.2.1.1 Theory and Features of the DDM 

Cognitive psychologists have long relied on the examination of people’s 

response times to make inferences about the latent structure of mental processes 

(Donders, 1969). While many researchers characterize the speed of cognitive processes 

by taking an average of the response time over many trials, this method may deprive 

them of information that could be captured by analyzing distributions of response times 

instead. The Drift Diffusion Model (DDM) is one of many models created to provide 

researchers with a method for characterizing and exploring the distributions of 

behavioral response times that serve as dependent variables for many laboratory tasks 

(Ratcliff, 1978).  

Drift Diffusion Models belong to a class called Sequential Sampling Models 

(Busemeyer, 1985; Ratcliff & Smith, 2004; Smith & Ratcliff, 2004), which are designed to 

capture and replicate several basic components of decision making. There are two 

primary assumptions about the decision process in a Sequential Sampling framework. 

First, it is assumed that decision makers continually accumulate evidence for each 

response option under consideration. Once an option accumulates a certain amount of 

evidence, it reaches an evidence threshold and the response associated with that option 
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is executed. For example, if you are trying to pick out what you want to eat for dinner at 

a restaurant, once you’ve collected enough evidence for a particular dish (i.e., the 

option), you will give your order to the waiter (i.e., the response). Second, Sequential 

Sampling assumes that the evidence accumulation process is noisy and subject to 

random fluctuations over time. For example, maybe your stated goal is to eat healthy by 

ordering a salad, but as you see a tasty looking bowl of pasta pass your table you have a 

swift change of opinion and instead order the chicken parmigiana with spaghetti. Such 

an error in self-control can be captured by incorporating stochasticity into the evidence 

accumulation process. This intrinsic noise allows investigators to recreate the error 

responses and response time distributions that are often experimental outcomes of 

interest in behavioral research. Sequential Sampling models are typically able to 

simulate the behavior of a constrained set of cognitive processes, whereas models that 

merely characterize a set of results (i.e., descriptive models) cannot similarly generate 

distributions of performance over many trials. 

While investigations of response time distributions date back the 1960’s (Stone, 

1960), Drift Diffusion was first posited by Ratcliff (1978) to model lexical retrieval 

processes. While the DDM has since been tested, updated, and modified (Ratcliff & 

Rouder, 1998; Ratcliff, Van Zandt, & McKoon, 1999; Ratcliff & McKoon, 2008), many 

alternate flavors of Sequential Sampling have also arisen, such as the Leaky Competing 

Accumulator model (Usher & McClelland, 2001; notable for information “leakage” and 

mutual inhibition of options) and the Linear Ballistic Accumulator model (Brown & 

Heathcote, 2008; notable for its ability to model any number of response options). These 
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and other Sequential Sampling models carry their own strengths and weaknesses, yet 

most, if not all, rely on a principle of evolving evidence accumulation along with noise 

in some of the model parameters.  

Ratcliff’s DDM has been updated many times since its inception, and the current 

form is notable for several features that make it a robust model of decision making 

behavior (Ratcliff & McKoon, 2008). The most common DDM is designed to simulate 

choice and response times distributions for binary decision scenarios (i.e., scenarios with 

two options), and a key feature is that the evidence accumulation signal in DDM 

represents the difference between evidence accumulated for both options. This design is 

different from other models that calculate an independent evidence signal for each 

option under consideration (e.g., the Linear Ballistic Accumulator model). Additionally, 

DDM has proven robust across different research domains partly due to the inclusion of 

within- and across-trial variability for a small set of parameters, several of which are 

thought to closely map onto well-studied cognitive phenomena. 

DDM has been successfully used to model behavior across many different 

domains of cognitive psychology. Previous research using DDM has investigated the 

effects of aging on a wide variety of behavioral tasks, such as signal detection, 

recognition memory, letter discrimination, and more (Ratcliff, Thapar, & McKoon, 

2001/2003/2004a/2004b/2006a/2006b; Thapar, Ratcliff, & McKoon, 2003). In the realm of 

clinical disorders, White and colleagues (2010) used DDM to investigate the effects of 

trait anxiety in a recognition memory paradigm and demonstrated that individuals with 

high trait anxiety increased their decision thresholds post-error commission to a larger 
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degree than low trait anxiety individuals. The DDM has also been utilized in studies of 

sleep deprivation to track changes in cognitive deficits (Ratcliff & Van Dongen, 2011). As 

will be discussed at length later in the document, recent studies have modeled value-

based food decisions and simple purchasing decisions with a variant of the traditional 

DDM (Krajbich, Armel, & Rangel, 2010; Krajbich & Rangel, 2011; Krajbich, Lu, Camerer, 

& Rangel, 2012). A large variety of perceptual decision making tasks have also been 

successfully modeled using the Drift Diffusion framework (Ratcliff & Rouder, 2000; 

Ratcliff, Cherian, & Segraves, 2003; Smith, Ratcliff, & Wolfgang, 2004; Smith & Ratcliff, 

2009; Drugowitsch, Moreno-Bote, Churchland, Shadlen, & Pouget, 2012; Nunez, 2015). 

1.2.1.2 Parameters of the DDM 

In DDM, the decision process can be conceptualized as the movement of a 

decision variable towards one of two boundaries that represent the decision maker’s 

commitment to different options. As more evidence is accumulated for one option 

relative to the other, the decision variable moves closer to that option’s boundary. 

However, movement of the decision variable through time is stochastic, meaning that at 

each step in time the tendency to move towards one boundary or the other is 

probabilistic. Several noise parameters enable DDM to recreate errors and error response 

time distributions. Below, a schematic of the diffusion process is provided and the 

parameters that control this process are described. 
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Figure 1: A schematic diagram of the drift diffusion model. 

The a parameter represents the distance between the decision boundaries, and 

thus, the amount of evidence that must be accumulated from the starting point to reach 

a decision threshold. The more evidence that must be collected, the more the response 

time distribution will be shifted towards longer response times. This parameter 

characterizes the well-known speed-accuracy tradeoff in cognitive psychology 

(Wickelgren, 1977). Emphasizing speed on a given task will be reflected in a smaller a 

value (closer boundaries, shorter response times), whereas emphasizing accuracy will 

result in a larger a value (further boundaries, longer response times).  

The v parameter represents the drift rate, which is the rate of evidence 

accumulation towards a decision boundary. Drift is calculated by taking the difference 

in evidence for the two options at any given moment. As the value of v increases, the 

response time decreases. This parameter is thought to reflect the quality of the evidence 
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being accumulated throughout the decision process. For instance, in a signal detection 

task, less noise in the stimuli will lead to a higher drift rate and faster responses. Thus, a 

high signal-to-noise ratio provides better evidence for a decision, making that choice 

easier and faster. In a value-based decision task, large differences in value between two 

options result in larger drift rates as the better option should be obvious to the decision 

maker (Mormann, Malmaud, Huth, Koch, & Rangel, 2010; Wunderlich, Rangel, & 

O’Doherty, 2010). In situations where two options are similarly valued and there is no 

clear advantage, drift rates will be smaller and result in slowed response times.  

The parameter z represents the location in the space between the boundaries 

where the diffusion process starts. In other words, z indicates whether the decision 

maker is biased towards one decision boundary prior to the presentation of the choice 

options. No bias in the z parameter indicates that the diffusion process begins 

equidistant from both decision boundaries. A positive or negative bias would reflect a 

diffusion process that initiates closer to one boundary, as is the case in experiments 

where the proportion of trial types is manipulated to explicitly create a response bias 

(Ratcliff, 1985; Ratcliff, Van Zandt, & McKoon, 1999).  
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Table 1: Parameters of the DDM and the cognitive processes they model. 

DDM Parameter Cognitive Process Modeled 

a – boundary separation Decision thresholds; adjusted to model speed-accuracy 
tradeoffs 

v – drift rate The speed at which evidence is accumulated; higher 
quality evidence yields a faster accumulation rate 

z – starting bias The predisposition to choose one option over another 
 

The entire diffusion process can be partitioned into three phases that comprise 

the total response time for a decision. The encoding time, u, represents the time it takes 

the brain to encode various sensory properties of the decision options. The decision 

time, d, is time it takes for the evidence accumulation process to reach a response 

threshold. Once evidence accumulation crosses a response boundary, the response 

output time, w, is the time it takes for an appropriate motor response to be generated. In 

order to simplify the model, u and w are combined into a non-decision time parameter 

with mean Ter. Based on these parameters, the total response time for any given trial can 

be characterized by summing the encoding time, u, the decision time, d, and the 

response output time, w. 

As mentioned previously, an important part of DDM is the addition of noise to 

several components of the model. Noise is important for simulating both correct and 

incorrect decisions along with their accompanying response time distributions. 

Typically, normally distributed noise is added to the drift rate, both across and within 

trials. Additionally, uniform variability is added to the non-decision time (Ter) and 

starting position (z) parameters described above. 
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1.2.1.3 Neural Correlates of the DDM 

The neurobiological plausibility of the DDM is a distinct advantage of the model. 

A great deal of research has examined decision making in non-human primates, and 

these studies have found many similarities between the neural processes underlying 

choice and the processes of DDM. A common method for studying simple decision 

making is the Random Dot Motion paradigm (RDM; Gold & Shadlen, 2007). In this task, 

an array of moving dots is displayed with some proportion of the dots moving in a 

common direction (either left or right) and the remainder moving in random directions. 

Subjects are tasked with guessing the motion direction of the jointly moving dots. The 

proportion of dots moving in the same direction is called motion coherence and the 

smaller the amount of motion coherence, the harder this task becomes. Populations of 

neurons in visual area MT of the non-human primate brain represent different directions 

of motion, and as the motion coherence for a certain direction increases, so does the 

firing activity of the MT population tuned to that direction. 

The data from this paradigm that support the biological plausibility of the DDM 

can be found outside of the sensory areas where motion is represented. In pre-motor 

areas (corresponding to the choice modality) and the Lateral Intra-Parietal area (LIP), 

populations of neurons have been found to represent the difference in sensory evidence 

accumulated over time, similar to the mechanisms of the DDM. Whereas MT activity is 

linked to instantaneous sensory representations of motion, activity in LIP and pre-motor 

areas represent the distinct, time-dependent decision variable of accumulated evidence 

between options, as evidenced by a ramping of neural firing rates to a threshold 
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(Roitman & Shadlen, 2002; Ditterich, Mazurek, & Shadlen, 2003; Churchland, Kiani, & 

Shadlen, 2008). Previous research indicates that the ramping activity of LIP over time 

very closely resembles the evidence accumulation processes that develop over time in 

the DDM (Shadlen & Newsome, 1996; Shadlen & Newsome, 2001; Roitman & Shadlen, 

2002). Once the decision variable reaches a pre-defined threshold, as in the DDM, the 

switch is made from accumulating evidence from sensory signals to executing the 

chosen motor response (Gold & Shadlen, 2002) 

Another characteristic of the RDM task is that motion coherence can be 

manipulated to change the difficulty of the task, but the decision variable will typically 

escalate to the same threshold, albeit at different speeds that correspond to motion 

coherence (Huk & Shadlen, 2005). Varying the drift rate parameter of the DDM can 

accurately model coherence changes, and experimentally, low motion coherence results 

in greater error rates and slower response times, as predicted by the DDM (Gold & 

Shadlen, 2001). Furthermore, neural data from the RDM have been directly modeled 

with DDM, where researchers found that model parameters provide a very good fit to 

the data with the inclusion of time-variant noise in the drift rate (Ditterich, 2006). In 

further accordance with the DDM, speed and accuracy tradeoffs have been found to be 

represented by shifting decision thresholds (Palmer, Huk, & Shadlen, 2005). 

Neurobiological evidence for the DDM is also being discovered in the human 

brain. In recent years, a growing body of research has found evidence for DDM-like 

processes, with the spatiotemporal dynamics of these processes continuing to be 

mapped (Heekeren, Marrett, Bandettini, & Ungerleider, 2004; Philiastides, Ratcliff, & 
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Sajda, 2006; Polanía, Krajbich, Grueschow, & Ruff, 2014). In value-based decision tasks, 

evidence for regions that compute the difference in value between two options has been 

found in the ventromedial prefrontal cortex and dorsolateral prefrontal cortex, while 

evidence for regions that accumulate evidence has been found in parietal cortex (Basten, 

Biele, Heekeren, & Fiebach, 2010). 

1.2.2 Eye Tracking  

1.2.2.1 the Influence of Eye Movements on Choice 

It has been evident for decades that eye movements can be analyzed to gain 

insight to many facets of cognition. Seminal experiments by Yarbus demonstrated that 

gaze patterns were directly linked to people’s current goals (Yarbus, 1967; Tatler, Wade, 

Kwan, Findlay, & Velichkovsky, 2010). Yarbus had participants view a painting of a 

family in a household setting and examined their gaze patterns after giving different 

instructions about what information to extract from the image (e.g., guess how wealthy 

the family his, guess the ages of the family members, remember the clothes worn by the 

family, etc.). He found that gaze patterns fluctuated in concert with the present task 

goals, providing some of the first evidence that what features we look at and when we 

look at them can be used to infer underlying mental processes. 

Eye tracking is a process measure, meaning that it can serve as an indicator of 

mental operations as they unfold over time. While other psychophysiological 

measurements can be useful for understanding behavior (e.g., skin conductance, heart 

rate), eye tracking can be completely non-invasive and has high temporal resolution. 

Numerous studies have examined the interaction of attention and decision making to 
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some extent (Smith & Ratcliff, 2009; Orquin & Loose, 2013), but a recent, small set have 

directly tested for the unidirectional influence of visual attention on choice. These 

experiments have demonstrated that humans may be biased to choose the options they 

look at longer (Shimojo, Simion, Shimojo, & Scheier, 2003; Armel, Beaumel, & Rangel, 

2008; Pärnamets et al., 2015). This simple prejudice is not necessarily intuitive: despite 

the fact that looking at a set of options prior to choosing one is a rather mundane 

behavior, people tend to believe that their choices reflect stable internal preferences. 

Thus, most grocery shoppers would not expect that fixating a brand name breakfast 

cereal for a few extra seconds would push them to choose it over the highly similar and 

better valued store-brand cereal. Yet, behavioral researchers have known about the 

malleability of the human decision maker for a long time (Payne, Bettman, & Johnson, 

1993), and marketers have known about the importance of designing advertisements 

and packaging that will capture people’s attention for even longer (Twedt, 1952).  

Shimojo and colleagues (2003) were possibly the first to directly test a gaze bias 

hypothesis. In their first experiment, participants were tasked with choosing the more 

attractive face from a set of two their while eye movements were recorded. Researchers 

found a relationship between fixations and decisions, such that the likelihood of fixating 

the chosen option increased with proximity to the response time. The likelihood of 

fixation was also modulated by the type of decision to be made. When two similarly 

attractive faces were presented (i.e., a difficult choice), participants displayed about an 

80% probability of fixating the chosen face last. When easier choice stimuli were 

presented, the likelihood of fixating the chosen face last was still high, but slightly 
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attenuated compared to the difficult choice (approximately 70%). Interestingly, a 

perceptual judgement of which face was rounder resulted in an even smaller likelihood 

of making the last fixation to the chosen face (approximately 60%). These results pointed 

towards a relationship between the fixation and option selected at the moment a 

decision was made.  

In their second experiment, the authors sought to test whether face attractiveness 

preferences could be biased by manipulating gaze, thereby providing evidence for a 

causal role of gaze on decision making. This paradigm was similar to the first, but each 

face was displayed one-at-a-time across different experimental conditions. These 

conditions included a varying number of face repetitions (2, 6, or 12), horizontal and 

vertical presentation locations, two types of fixed gaze conditions (fixate center, faces 

presented centrally or peripherally), and a face roundness judgement instead of 

attractiveness. 

When participants judged the attractiveness of faces presented 6 or 12 times, 

across both horizontal and vertical presentation locations, preference for the longer 

shown face was approximately 60% and significantly different from chance. However, 

when there were only two repetitions of each face, when participants had to maintain 

fixation on a central point, and when face roundness was judged instead of 

attractiveness, face preference was at chance (~50%), indicating that a longer 

presentation time did not bias choice in these conditions. These results suggest that 

longer fixation times may bias attractiveness judgements only if subjects are free to make 
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eye movements and are not bound to a central fixation point. And, similar to the first 

experiment, a perceptual judgement of face roundness was unrelated to gaze time. 

In subsequent years, Armel, Beaumel, & Rangel (2008) investigated the effects of 

visual attention on binary food choices. In their paradigm, participants were presented 

with pairs of snack food items and had to select which item they would prefer to eat. 

Foods were displayed in an alternating fashion (similar to that of Shimojo et al.), with 

one of the food items displayed for longer (900ms vs 300ms) across six repetitions. In 

their first experiment, they only used appetitive foods and found a nonsignificant trend 

for participants to choose the food item that was presented for a longer period of time. 

In their second experiment, both appetitive and aversive foods were used, and longer 

presentation times significantly biased choice: participants were 11.2% more likely to 

choose the longer presented item in the appetitive condition and were 7% less likely to 

choose the longer presented item in the aversive condition. Similarly, in their final 

experiment, the authors had participants choose between art posters and found that 

longer presentation times led to a 9.7% increase in the probability of choosing a poster. 

These studies highlight the evidence for a causal effect of gaze on decision processes. 

While further work is required to delineate the bidirectional influences of gaze and 

decision making, the research described above demonstrates the virtue of collecting eye 

tracking information to relate it to, and better understand, choice behavior. The next 

section outlines the thesis of this dissertation, which focuses on the use of DDM and eye 

tracking to gain insights into nudging effects. 
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1.3 Thesis 

Nudging is an important tool for combating the obesity epidemic, yet its effects 

on cognition are poorly understood. Academic investigations of nudging interventions 

often test their ability to change decision outcomes with little concern for how exactly 

these methods alter decision processing. If more precise measures of decision processing 

(e.g., DDM, eye tracking) are included in these studies, then the field may work towards 

classifying nudges based on the specific changes in cognition they effect. Grouping 

interventions in this fashion might lend insight to which cognitive mechanisms cause 

the largest shifts in choice behavior and what are the common factors among nudges 

responsible for driving such changes. Thus, the thesis of this dissertation is that nudging 

interventions are best understood when analyzing choice outcomes in tandem with measures of 

choice processes (e.g., response time, eye tracking). This thesis is supported by the 

subsequent work in this document. 

Chapter 2 introduces a novel information prime and its effects on dietary choice 

are demonstrated. Analyses revealed that the health-primed group made healthier 

choices compared to active and passive control groups, and that these changes were 

associated with a larger drift rate for healthy items when the difference in value of 

options was similar. While several gaze metrics were highly predictive of choice, 

attentional patterns remained consistent across prime groups. Chapter 3 replicates the 

health prime effects in an independent sample of participants, demonstrating the 

robustness of the nudging intervention. Chapter 4 tests the impact of representing 

options as words or images to determine whether this commonly found juxtaposition 
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(e.g., restaurant menus) can be co-opted as a nudging mechanism. Results showed a 

small choice bias for images and a large slowing of decision processing speed for word 

options. Gaze metrics demonstrated that attentional allocation was largely dependent on 

the order of items on the screen and was also tied to those options eventually chosen. 

Interestingly, people devoted less attention to the image options as they increased in 

value. Diffusion modeling showed that the increased response time associated with 

word options was due increased non-decision time and boundary separation 

parameters. Chapter 4 also demonstrates these effects in a replication sample, 

reproducing response time differences and diffusion parameter estimates. Chapter 5 

provides a discussion of the previous Chapters’ research findings. Additionally, the 

merits of the outcome-and-process approach to studying nudges is considered in light of 

the work in this dissertation. By showing a better way to test and understand nudges, 

researchers may be able to design optimal nudges more quickly to more effectively 

address societal issues related to individual decision making. 
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2. Health priming increases drift rate during dietary 
choice 

2.1 Introduction 

Billions of people worldwide struggle to maintain a healthy diet on a daily basis. 

Many spend large sums on diet programs and commit huge amounts of cognitive 

energy in this pursuit, often only to fall back on unhealthy eating patterns (Byrne, 

Cooper, & Fairburn, 2003; Green, Larkin, & Sullivan, 2009). Yet there is accumulating 

evidence that subtle cues and nudges can positively impact healthy eating behavior, as 

has been demonstrated in other domains (e.g., changing the default leads to 10-fold 

increases in organ donations, Johnson & Goldstein, 2003; Sunstein & Thaler, 2008). For 

instance, modifying package labeling with traffic-light colored cues (Thorndike, 

Sonnenberg, Riis, Barraclough, & Levy, 2012), offering to down-size fast food meals 

(Schwartz, Riis, Elbel, & Ariely, 2012), and increasing the assortment of healthy options 

available (van Kleef, Otten, & van Trijp, 2012) have all been shown to improve dietary 

choice.  

While these and other studies have presented valuable evidence that subtle cues 

can positively impact food choice, we have limited evidence of how they work. Are they 

shaping individuals’ goals? Do they change the way people value differing food 

attributes during choice? Do they lead to differential attention paid to health 

information? In the present study, we examined the decision mechanisms affected by 

nudging individuals with a content prime, a type of nudge that alters stimulus 

processing and behavior by exposing people to domain-specific information 
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(Janiszewski & Wyer, 2014). While many nudges are specific to particular environments 

(e.g., making healthy items more accessible on grocery store shelves), a prime can be 

presented prior to the moment of choice. This feature might allow a health-related prime 

to be used across a broader range of contexts. However, if effective, several possible 

explanations could reveal how a prime alters the cognitive processes related to dietary 

choice.  

Exposure to health information might change the way individuals visually 

search for information in their decision environments. Recent literature on the strong 

relationship between gaze and decisions (Orquin & Loose, 2013) suggests that fixations 

might be biased towards healthier stimuli post-priming. Thus, a shift towards healthier 

choices due to priming may be mediated by changes in visual attention. Studies of 

value-based choice have found that moment-to-moment fluctuations in gaze directly 

affect value computations (Krajbich, Armel, & Rangel, 2010; Lim, O'Doherty, & Rangel, 

2011; McGinty, Rangel, & Newsome, 2016), supporting the idea that allocating more 

attention to healthy options could lead to more healthy choices. 

Alternatively, priming may affect the processes that govern value comparison 

before and during choice. Drift Diffusion Modeling (DDM) has been used to understand 

both perceptual and value-based decision processes by examining changes in several 

key parameters (Ratcliff & Rouder, 1998; Gold & Shadlen, 2007; Ratcliff & McKoon, 

2008). DDM assumes that the values of options are stochastically sampled and 

integrated over time. Once enough value evidence is accumulated, the decision process 

is said to have reached a decision threshold, whereby one of the options is selected. The 
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rate of evidence accumulation is called the drift rate, and increases in drift rate towards 

healthful options would suggest the prime causes health information to be weighted 

more heavily during value comparison. Priming could also alter the bias parameter of 

the DDM, which defines how closely the drift process starts to one option’s threshold or 

the other. Whereas drift rate governs online evidence accumulation, a health-bias would 

indicate shifted preferences in the absence of the options, i.e, a change in a person’s 

overarching decision goals. Identifying changes in these parameters will help to provide 

a mechanistic explanation of priming effects.  

A variety of individual differences are known to influence people’s healthy 

eating behavior, and these should be controlled for when examining a prime’s effects. 

For example, Hare, Camerer, and Rangel (2009) found trait self-control to be positively 

correlated with healthy food choices. However, in a separate investigation, people high 

and low in self-control were found to switch preferences for healthful or indulgent 

options depending on whether the choice-set included a healthy item or not (Wilcox, 

Vallen, Block, & Fitzsimons, 2009). Other individual differences found to have an effect 

on dietary choice include impulsivity and inhibitory control (Jasinska et al., 2012) and 

nutrition knowledge (Wardle, Parmenter, & Waller, 2000). Such findings demonstrate 

the importance of examining individual differences related to dietary choice along with 

differences across prime groups. 

The present study aimed to address three primary questions. First, can a short 

content prime push people to make either healthier choices? Second, what are the most 

important factors for predicting individual healthy choices? Third, which decision 
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processes are affected by this intervention and aid in explaining its effects? The first two 

questions assess the prime’s efficacy while controlling for ancillary factors related to 

dietary choice, while the third question takes aim at a mechanistic explanation for 

changes in behavior. 

Answering these questions may point towards different target mechanisms 

around which interventions may be designed. If the health prime leads to greater 

attention towards healthier items, optimal interventions may combine health priming 

with increased visual salience of healthy items. If the health prime increases the weight 

of health information during evidence accumulation, it suggests that the moments 

immediately before an individual choice comprise the critical period for shifting 

behavior. Lastly, if the health prime shifts people’s decision goals towards healthier 

eating, it suggests dietary nudging may work best when aimed at shaping broader 

attitudes, rather than individual decisions. By answering the above questions, we can 

work towards a mechanistic explanation of how priming nudges cause changes in 

behavior and facilitate the development of more effective interventions.  

In this study, participants completed an incentive compatible, binary food-choice 

task while their eye movements were recorded (Figure 2). A between-subjects design 

exposed participants to a health, taste, or neutral prime prior to the choice period, and 

post-task surveys assessed food ratings (health, taste, and overall value) and individual 

differences. The primes were embedded in the task instructions, and stated that the 

purpose of the study was to “…learn about how a food item’s [healthfulness/tastiness] 

affects people’s choices about what they eat.” Across two short paragraphs of text, the 
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health prime focused on the long-term, negative consequences of poor food choices, 

while the taste prime described the importance of good-tasting food for personal 

happiness. The neutral prime stated the purpose of the study was to learn about dietary 

choice, but did not elaborate further. Using individual difference measures, process 

tracing techniques, and drift diffusion modeling, we identify specific mechanisms 

altered by the health prime, leading to an increase in healthy food choices. 

2.2 Methods 

After reading instructions containing a health, taste, or neutral prime, participants 

completed binary food choices while their eye movements were recorded (Figure 2). 

Following their choices, individuals completed ratings of food items for taste, 

healthfulness, and value (i.e., how much would you like to eat a given food item at the 

end of the experiment?), and a set of specific, hypothesis-driven, personality 

questionnaires aimed at characterizing individual differences relevant to dietary 

decisions. One trial was randomly selected at the end of the experiment and participants 

were asked to eat the snack food item they chose on that trial.  
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Figure 2: Overview of the experimental design. 

120 members of the Duke community comprised the study sample. 11 

participants met exclusion criteria (Four failed to follow instructions, three experienced a 

software malfunction during the task, one had an insufficient eye tracking data, and 

three had missing ratings/survey data) and were removed from analyses, leaving 109 

included for data analysis (mean age 25.1, SD = 7.80; 74 female). These participants were 

split into three groups (nhealth = 38, ntaste = 34, nneutral = 37) for a between-subjects 

investigation of health, taste, and neutral primes.  

Participants read one of the primes prior to the task instructions, where they 

were presented as the motivating reasons for the experiment (e.g. “The purpose of this 

study is to learn about how a food item's healthfulness affects people's choices about 

what they eat.”). The health prime consisted of two paragraphs that emphasized the 

importance of eating healthier foods to prevent common diseases associated with 

obesity (e.g., diabetes, heart disease, etc.). The taste prime used similar language to the 

health prime, however it emphasized the importance of eating tasty foods to promote a 
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happier and more fulfilling lifestyle. While the health and taste primes maintained 

similar length and structure, swapping key terms and phrases, the neutral prime lacked 

the suggestive nature and simply stated that the experiment aimed to better understand 

dietary choice behavior. See Appendix B for full prime text. 

25 photographs of snack food items were taken, each including both the 

packaging and the food itself in a standardized, lighting-controlled layout. Foods 

without packages (apples, bananas, and oranges) were displayed with bite size pieces 

adjacent to intact foods. Packaged items were edited to remove any quantitative health 

information (e.g., “Only 100 Calories”) that participants might use to inform their 

choices. Stimuli were presented via the PsychoPhysics Toolbox MATLAB package 

(Brainard, 1997) on a Tobii T60 remote eye tracking system. Eye movement data were 

collected at 60Hz. 

Participants completed 5-point Likert ratings of each food item’s healthfulness, 

tastiness, and their desire to eat it at the end of the experiment (value). Health and taste 

have been identified as two of the most important factors that explain food preferences 

(Steptoe & Pollard, 1995), and thus, are key attributes to study for better understanding 

dietary choice. Participants also ranked all foods along the three aforementioned 

dimensions. Rankings provided the ordering of items along an attribute spectrum such 

that no two items could be equal in health, taste, or value, and were used to define 

which item was the healthier choice on each trial. In addition to the food ratings, 

participants completed personality and demographic questionnaires. Those self-report 

measures were the Abbreviated Barratt Impulsivity Scale (ABIS; Coutlee, Politzer, 
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Hoyle, & Huettel, 2014), the Self-Control Scale (Tangney, Baumeister, & Boone, 2004), 

the Eating Attitudes Test (Garner, Olmstead, Bohr, & Garfinkel, 1982), the Health 

Consciousness Scale (Gould, 1988; Michaelidou & Hassan, 2008), the Maximization Scale 

(Schwartz, Ward, Monterosso, Lyubomirsky, White, & Lehman, 2002), sex, whether 

participants were on a weight loss diet at the time of testing, how many hours it had 

been since participants last ate, and participants’ hunger rating at the time of testing.  

The experimental procedure was as follows. Participants provided informed 

consent, completed a demographic questionnaire, and then read the experimental 

instructions, which contained one of the health, taste, or neutral primes. Next, 

participants were calibrated on the eye tracker and then completed 300 binary food 

choice trials (every unique pairing of food images from the stimulus set). On each choice 

trial, participants had twenty seconds to indicate their preference via a key press (left 

arrow for the item on the left and right arrow for the item on the right). The twenty 

second maximum was only reached 34 times across 9 participants, with one participant 

accounting for 25 of those timeouts. Image positions (left vs. right) were randomized for 

each participant on each trial. After making a response, the selected item was outlined 

with a blue box for one second before a fixation cross was displayed for a random inter-

trial interval between 1-2 seconds. Post-food choices, participants completed 66 binary 

choices between pairs of gift cards for a separate investigation not discussed here. 

Subsequent to the choice task, participants completed the food item ratings and then the 

personality surveys. The order of the personality surveys was randomized for each 

participant. 
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All choice behaviors were analyzed using logistic modeling. For some analyses, 

data were filtered to only include “conflict” trials. Conflict trials were those in which one 

item was rated as healthier and the other was rated as tastier. In general, non-conflict 

trials are relatively easy decisions because one item is both healthier and tastier, whereas 

conflict trials are relatively difficult decisions that involve trade-offs between attributes. 

DDM models and parameters were estimated using the HDDM package in Python 

(Wiecki, Sofer, & Frank, 2013). HDDM uses hierarchical Bayesian parameter estimation, 

which has the advantage of fitting group and individual parameters at the same time 

and allowing for Bayesian hypothesis testing. Models were fit to determine whether the 

primes affected the drift rate or response bias. Additional linear regression of drift rate 

was fit using HDDM to determine the regression coefficients of taste and health ratings, 

and a taste by health interaction. 

Models of individual healthy choices were trained on the original 109 

participants using the glmnet package in R (Friedman, Hastie, & Tibshirani, 2009). 

Specifically, our models were 10-fold cross-validated (CV; Kohavi, R., 1995) and elastic 

net regularized. Elastic net regularization combines lasso and ridge regression penalties, 

under which correlated regressors may either be included as a group or one may be 

chosen for inclusion with the others excluded. To test the robustness of our predictive 

models and determine regressor correlations, we computed additional models with sub-

sampled data. Key factors were determined by assessing their inclusion across 1000 

model runs, each cross-validated and fit to 42 randomly selected participants with 75% 

of trials. Regressors that were included in greater than 20% of the models were entered 
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into a logistic regression of healthy choice, providing a final assessment of model 

robustness and regressor weights.  

2.3 Results  

Healthy choices were based on participants’ own rankings of the healthfulness of 

each food item. If a participant chose the item they ranked higher on healthfulness, it 

was coded as a healthy choice. Health-primed participants made significantly more 

healthy choices (mean = 0.65, SD = 0.16) than the taste prime group (mean = 0.58, SD = 

0.16, one-tailed p < 0.05) and the neutral prime group (mean = 0.57, SD = 0.15, one-tailed 

p = 0.05), while the neutral and taste prime groups did not significantly differ. Conflict 

trials were those in which one option was healthier and the other tastier, leaving the two 

attributes in conflict (47% of all trials included in analysis). On these trials, the health 

group (M = 0.44, SD = 0.26) made significantly more healthy choices than both the 

neutral (M = 0.31, SD = 0.18, one-tailed p < 0.01), and taste groups (M = 0.33, SD = 0.22, 

one-tailed p < 0.05). Again, the neutral and taste prime groups did not significantly 

differ. An illustration of the health prime’s impact can be seen if Figure 3, which shows 

the specific proportions of choices of apples and Oreos across prime groups. These data, 

taken from conflict trials, show that health-primed participants made significantly more 

choices of the apple and fewer choices of the Oreos, compared to the neutral and taste 

prime groups. 
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Figure 3: Examples of prime effects on individual items. 

Mixed-effects logistic regression was used to fit psychometric choice curves for 

each prime group, with the curve slopes revealing how heavily participants weighted 

the health, taste, and overall value attributes of food items (choice data, not model fits, 

shown in Figures 4A-4C). Relative to the neutral prime group, health-primed 

participants had smaller decision weights for value (b = -0.13, c2 = 9.97, p < 0.01) and 

taste (b = -0.16, c2 = 14.05, p < 0.001), and a larger decision weight for health (b = 0.22, c2 = 

70.51, p < 0.001). Conversely, taste-primed participants had a larger decision weight for 

value (b = 0.16, c2 = 12.51, p < 0.001) and a smaller decision weight for health (b = -0.13, c2 
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= 20.74, p < 0.001), but did not significantly differ from the neutral prime group in their 

weighting of taste (b = -0.08, c2 = 3.59, n.s.). 

 

Figure 4: Psychometric choice curves show the effects of the health prime. 

On conflict trials (Figures 4E-4G), the health prime’s effects on value and taste 

decision weights were similar (value: b = -0.17, c2 = 8.75, p < 0.01; taste: b = -0.15, c2 = 

6.21, p < 0.05), while its effect on the health decision weight was larger (b = 0.30, c2 = 

60.95, p < 0.001). The taste prime only had an effect on value’s decision weighting on 

conflict trials (value: b = 0.26, c2 = 16.03, p < 0.001; taste: b = -0.03, c2 = 0.18, n.s.; health: b 

= -0.06, c2 = 2.29, n.s.). There was no significant difference in the effect of health prime 

across the first and second half of the trials (b = -0.01, c2 = 0.15, n.s.; conflict trials: b = 

0.02, c2 = 0.28, n.s.), suggesting that the effect of the prime did not diminish over the 

course of the experiment. 
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Individual difference metrics were also collected and tested to control for 

additional factors that might have influenced the proportion of healthy choices 

participants made. Attentional impulsivity and non-planning characteristics 

(Abbreviated Barratt Impulsiveness Scale; Coutlee, Politzer, Hoyle, & Huettel, 2014) 

significantly predicted the proportion of healthy choices made across trials, suggesting 

that different forms of impulsivity may be tightly connected to healthy choices 

(attention, b = -0.05, p < 0.01; non-planning, b = 0.06, p < 0.001). Sex was a determinant of 

healthy decision making with men making fewer healthy choices than females (b = -0.06, 

p < 0.05). Self-reported health consciousness (b = 0.04, p < 0.01) and dieting status (b = 

0.26, p < 0.001) also influenced the proportion of healthy choices. While controlling for 

these factors, the health prime’s effect on the proportion of healthy choices remained 

significant (b = 0.06, p < 0.05).  

These results show that the health prime simultaneously increased decision 

weights for the health attribute of foods and decreased decision weights for the taste 

attribute of foods. Furthermore, while controlling for a variety of individual differences, 

the health prime still significantly increased the proportion of healthy choices across the 

experiment. Next, we examine the factors that predict individual healthy choices and 

further verify the health prime’s efficacy.  

 Cross-validated and elastic-net-regularized models were trained on the dataset 

to identify factors that predict healthy choices. Cross validation averages regressor 

coefficients fit from different partitions of the training data to acquire more accurate 

model parameter values. Elastic net regularization combines ridge and lasso regression 
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penalties to compensate for collinearity among predictors and overfitting due to large 

sets of regressors. The resulting model is optimized for classification performance and 

provides a conservatively selected set of variables predictive of the outcome measure (in 

this case, healthy choices). Elastic net regularization can penalize the regression 

coefficients of unrelated factors by dropping them to zero, and thus, factors that 

“survive” regularization are considered critical components of the model. To provide 

significance testing statistics, surviving factors were entered into standard mixed-effects 

logistic regressions. Note that in this section, all rating differentials were computed 

relative to the healthier item on the trial because healthier choices were modeled, in 

contrast to the left-vs-right item choices analyzed above. 

Across models with and without gaze, taste and value ratings and rankings 

survived, and demonstrated their significant influence on choice prediction (statistics 

reported in Table 2). In other words, as the taste and value ratings and rankings of the 

healthy item improved relative to the less healthy option, the healthy item was more 

likely to be chosen. The average ratings and rankings of items were stable across the 

prime groups, indicating that the prime was not influencing decisions by changing 

perceptions of the food items across groups.  

The proportion of time spent looking at each option and final fixation location 

survived regularization as predictors of choice (Table 2; Columns 1 and 2: logistic 

regression coefficients of factors that survived elastic net regularization-Column 2, no 

gaze factors included; Columns 3 and 4: mixed-effects logistic regression coefficients of 

factors that survived elastic net regularization), consistent with previous research 
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(Krajbich, Armel, & Rangel, 2010). These two factors were highly predictive of 

subsequent choice, but the predictive power of those parameters remained consistent 

across the prime conditions. Other gaze metrics (e.g., first fixation location, first fixation 

duration, last fixation duration, number of fixations, number of saccades) were not 

predictive of choice, but were similarly stable across prime conditions. 

Table 2:  Logistic regression coefficients of factors that predict healthy choices. 

 

The health prime condition, self-reported health consciousness, and whether 

participants were on a weight loss diet were the only factors that did not vary trial-by-

trial yet still predicted individual healthy choices. These results a) affirm the effects of 

the health prime on choice, b) highlight–and control for–important predictors of choice, 

and c) demonstrate the efficacy of our comprehensive model of healthy choices. What 

remains to be explained is how the health prime altered decision behavior in 

individuals. 

After finding no differences in response time (RT) across prime conditions, 

(neutral prime: median = 1148ms, mean = 1180ms, SD = 279; taste prime: median = 
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1081ms, mean = 1135ms, SD = 312; health prime: median = 1262ms, mean = 1235ms, SD = 

322; no significant differences between means or medians of groups) Drift Diffusion 

Modeling (DDM) was used to investigate subtler changes in RT distributions that might 

shed light on prime-induced changes in decision-making behavior. We hypothesized 

that the health prime’s effect on healthy choice behavior could be explained by changes 

in two parameters of DDM: response bias and drift rate.  

Response bias is the starting point for the diffusion process and represents the 

initial difference in decision value between two options. A bias of 0.5 would indicate no 

pre-decision preference for one option over the other (e.g., no preference for healthy or 

unhealthy snack foods) whereas a shift in bias towards zero or one starts the diffusion 

process closer to a decision boundary, making that boundary more likely to be crossed. 

If the health prime group demonstrates a stronger bias towards healthy options, it 

indicates that these participants’ preferences have generally shifted towards healthful 

options, prior to choice and knowledge of specific choice sets.  

Drift rate is the rate of evidence accumulation during a decision and reflects the 

difference in value between the two options being compared. If the health prime group 

displays a higher drift towards healthy options, it means that their values were more 

heavily weighted during the evidence accumulation process. While the health prime’s 

effects could be explained by a shift in pre-decision (response bias) or peri-decision 

processes (drift rate), a third possibility is that both are moved in favor of healthy 

options.  
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DDM parameters were estimated using the HDDM package (Wiecki, Sofer, & 

Frank, 2013), which uses a Bayesian framework, precluding frequentist hypothesis 

testing. As such, we compared drift rate and response bias across prime groups by 

subtracting their posterior probability distributions pairwise, then calculating the 95% 

credible interval (CI) to see if >95% of one parameter’s posterior density lay above zero 

(Kruschke, 2013). We found that the health prime drift rate was greater than the neutral 

prime drift rate (mean health = 0.36, mean neutral = 0.17; CI, [0.02, 0.37]), but not the 

taste prime drift rate (mean taste = 0.22, CI, [-0.05, 0.32]). The neutral and taste prime 

drift rates did not differ (CI, [-0.14, 0.23]). Examination of response bias revealed no 

differences across prime groups (mean health = 0.51; mean neutral = 0.50; mean taste = 

0.50; CI, health-neutral, [-0.01, 0.03]; CI, health-taste, [-0.01, 0.03]; CI, taste-neutral, [-0.03, 

0.02]). Given that the only systematic difference between primes was found in the drift 

rate parameter, we then examined drift rate across trials split by their difference in taste 

rating  

Importantly, differences in drift rate were strongest when the taste of the two 

items was equal or when the healthy item had a small taste disadvantage. For example, 

when the healthy item was rated one unit less than the alternative, health-primed 

participants had drifts rates of -0.01, whereas taste- and neutral-primed participants had 

drift rates of -0.47 and -0.41, respectively. Thus, health-primed participants’ found their 

approximate point of decision indifference at a DTaste value of -1, where the healthier 

item did not taste as good as the alternative. 95% Credible interval testing revealed that 

the health-primed group had higher drift rates than the taste-primed group at DTaste 
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values of -2 (CI, [0.13, 0.79]) and -1 (CI, [0.21, 0.74]), and the higher drift rates than the 

neutral-primed group at DTaste values of -1 (CI, [0.14, 0.67]), 0 (CI, [0.04, 0.54]), and 3 

(CI, [0.05, 1.19]). Figure 5C demonstrates drift rates across different DHealth and DTaste 

ratings for the health-primed participants and heat maps of drift rates for taste and 

neutral prime groups can be found in supplementary figure Sf1. 

 

Figure 5: Prime effects on DDM parameters. 

Next, drift rate was linearly regressed on DHealth, DTaste, and the interaction of 

these ratings to model each attribute’s contribution to evidence accumulation. 

Differences between prime conditions were evident in the intercept terms of the model, 

with the health prime group demonstrating elevated values (Figure 5A; health prime 

intercept: mean = 0.16, SD = 0.06; taste prime intercept: mean = -0.02, SD = 0.06; neutral 

prime intercept: mean = -0.05; SD = 0.06; CI, health-taste, [0.03, 0.34]; CI, health-neutral, 

[0.07, 0.37]; CI, taste-neutral, [-0.12, 0.19]). The taste rating regression coefficient was 2.62 

times greater than health rating coefficient, highlighting the relative weighting of these 

attributes on the drift rate (Figure 4B; health mean = 0.14, SD = 0.005; taste mean = 0.37, 

SD = 0.006). Taste and health ratings also interacted positively such that holding taste 
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constant while increasing healthfulness further increased the drift rate (Figure 5B; 

interaction mean = 0.04, SD = 0.004).  

Given the considerable size of the taste rating coefficient, large differences in the 

taste of the two options attenuated the static, intercept-biasing effect of the prime. 

However, when options were closely matched on their taste ratings, the elevated 

baseline drift rates of health-primed participants biased the value integration of health 

information. Figure 5C shows the fitted drift rates for health-primed participants across 

different combinations of health and taste ratings of the choice options (see Supplement 

Figure 2 for drift rate heat maps from the taste and neutral prime groups). 

2.4 Discussion 

The nudging intervention was a content prime containing health-related 

information that led to a dramatic increase in healthy choices (> 10% increase on conflict 

trials compared to taste- and neutral-primed groups). Importantly, the prime did not 

explicitly instruct participants to choose the healthier foods, but instead highlighted the 

importance of eating well to support a healthy lifestyle and avoid medical problems. 

Moreover, it was presented once in the task instructions, prior to choices, yet its effects 

on decision making persisted without affecting perceptions of the food items, self-

reported personality metrics, or explicitly-stated goals toward healthy eating. The health 

prime survived conservative regularization methods to significantly predict choices.  

Analysis of eye tracking data suggest that the prime did not alter attention or 

information search processes. However, modeling data with sequential sampling 

techniques revealed that the prime biased online value comparison, rather than effecting 
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a general predisposition to choose healthful items. Furthermore, these effects were only 

seen in cases where the healthier option was slightly less tasty or as tasty as the 

alternative, and demonstrated that the health prime could not overcome large 

differences in taste ratings. By showing that the prime’s effectiveness is limited to cases 

of similarly tasty items, these results highlight the need for targeted deployment of 

interventions in non-laboratory settings. Perhaps an effective nudge will not make you 

choose steamed cabbage over pizza, but it might push you to choose baked potato chips 

rather than their fried conspecifics. 

Although gaze metrics were predictive of choice, their immunity to the influence 

of the prime might indicate that visual attention may only be influenced by moment-of-

choice nudges, rather than the latent influence of a content prime as used in this study. 

This is supported by evidence from a recent study that used a visual cue at the moment 

of choice as its prime, thereby pairing salient prime information with the choice set, and 

found increased dwell time on low calorie foods in response to a health prime (van der 

Laan, Papies, Hooge, & Smeets, 2016). Further research is needed to investigate whether 

attention will only be affected if a prime is presented visually and at the moment of 

choice. 

In the absence of overt attentional differences between prime conditions, shifting 

evidence accumulation rates provide a marker for implicit processing of the health 

prime. Consumer research has shown that subtle cues often have the ability affect 

behavior in big ways (Wansink, 2004; Fitzsimons, Chartrand, & Fitzsimons, 2008; Mehta 
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& Zhu, 2009; Cutright, 2012), yet, too often, such examinations lack quantitative 

explanatory mechanisms for these changes. 

  The parameters of DDM fill this gap, allowing for testable psychological 

hypotheses that quantify and explain behavioral changes resulting from implicit cue 

processing. Identifying that the health prime exerted its influence through evidence 

accumulation, rather than response bias, supports the use of this technique in research 

where experimental manipulations fail to affect overt decision processing behaviors, 

such as eye movements. 

This study presents a method for successfully biasing dietary choice, although 

this particular type of nudge may not be suitable for all real-world situations. For 

example, it is unlikely that someone would read several paragraphs of text prior to 

ordering from a drive-thru fast food menu. As such, future research should be aimed at 

determining our prime’s efficacy more naturalistic settings, such as a convenience store 

or cafeteria. Additionally, research could also focus on what aspects of language and 

phrasing are most important in a content prime. Furthermore, to improve the 

implementation of dietary choice interventions, researchers should develop a taxonomy 

of dietary nudges that lays out what types are best suited for different decision 

environments.  

Taken together, these results demonstrate the efficacy of delineating nudging 

effects in the lab prior to testing them in the field, where it may be extremely difficult to 

collect precise data during decision making. The high fidelity data collected allowed for 



 

 

48 

modeling that revealed the specific cognitive mechanism affected by the prime, namely, 

the rate of evidence accumulation. 
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3. Health prime replication 

3.1 Introduction 

The importance of replicating research findings has recently come to the 

forefront of the collective scientific consciousness. A meta-analysis on academic 

dishonesty found that about 2% of scientists have admitted to falsifying or fabricating 

results at some point in their careers, and approximately 17% stated that they know of 

others who have (Fanelli, 2009). This research also found that nearly 30% of respondents 

knew of colleagues who had engaged in questionable research practices (p-hacking, 

continuing to collect data until results are significant, biased outlier removal/inclusion, 

etc.). These instances of falsification and questionable research practices accompany an 

academic environment that traditionally has offered few incentives for pursuing 

replication efforts (Baker, 2016). 

In one of striking example of the crisis at hand, the Open Science Collaboration 

(2015) led rigorous efforts to reproduce significant effects from 100 psychology studies 

and found that only 36% of the effects were successfully replicated. Further, the average 

effect size of the successful replications was about half of the average effect size of the 

original studies. Another recent example came after notable food and nutrition 

researcher Brian Wansink made a blog post that tangentially described questionable 

research practices such as p-hacking and HARKing (hypothesis after results known; 

McCook, 2017). His own account of such practices prompted an independent research 

group to thoroughly evaluate the publications he described, and, after reviewing four 
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papers (Just, Sigirci, & Wansink, 2014, 2015; Sigirci & Wansink, 2015; Kniffin, Sigirci, & 

Wansink, 2016) found about 150 inconsistencies and questionable results (van der Zee, 

Anaya, & Brown, 2017). Failures to replicate and to adhere to good research principles 

undermine the credibility of the sciences at large, but fortunately efforts to change the 

academic approach to replication are underway.  

To move towards better standards in replicability, the framework for sharing 

experimental protocols, stimuli, and data needs to be advanced (TOP Guidelines, 2017). 

Others have pushed for a refined communication etiquette between the original 

proprietors of research findings and their would-be replicators in the planning process 

(Kahneman, 2014). While our academic institutions move slowly towards improving 

these standards, researchers can offer their own measures of confidence immediately by 

providing internal replications of their work. By running experiments along with 

planned replications, researchers can better assess the reliability of their models and 

model parameters. For example, in a single psychology experiment, it remains unclear to 

what extent a model with fitted beta weights represents the characteristics of the 

particular sample they came from versus more general, “true” parameters of the 

cognitive machinery being examined. By generating two independent samples, 

researchers can either train a model on one data set and test on the other, to assess 

generalizability, or can train a model on each data set and compare differences in model 

parameters across both to assess reliability. While it will remain important for different 

researchers to replicate results with different demographics, internal replications are 
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perhaps one of the faster ways to provide assurances on the replicability of scientific 

phenomena and the reliability of behavioral models. 

To this end, the following study is a 40-participant replication of the key findings 

from Chapter 2, and, importantly, the effect of the health prime on food attribute 

weighting remains robust.  

3.2 Methods 

To assess the generalizability of Chapter 2’s priming effects and behavioral 

models of choice, a replication sample was collected and analyzed independently.  

The methods of the replication study largely mirror those found in section 2.2, however 

notable differences are described here. The same exact same procedure was used, 

however only two prime conditions were included, taste and health. The passive-control 

neutral condition was dropped in favor of the active-control taste condition because 

both conditions had very similar behavioral patterns (see Figure 4). Eye movements, 

choices, response times, survey measures, and food ratings were again collected for the 

replication analyses. All 40 replication participants were included for data analysis as 

none met the exclusion criteria (mean age 24.6, SD = 9.64; 30 female). This sample was 

evenly split into two groups (nhealth = 20, ntaste = 20). Stimuli were again presented via the 

PsychoPhysics Toolbox MATLAB package (Brainard, 1997) on a Tobii T60 remote eye 

tracking system, and eye movement data were collected at 60Hz. The cross-validated, 

elastic net regularized models from Section 2.3 were tested on the replication sample to 

determine classification performance and model validity. 
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3.3 Results 

On average, health-primed replication participants made more healthy choices 

(mean = 0.61, SD = 0.15) than the taste prime group (mean = 0.55, SD = 0.13), and with a 

similar pattern on conflict trials (health mean = 0.41, SD = 0.24; taste mean = 0.31, SD = 

0.17). However, linearly regressing the proportion of healthy choices on prime type 

yielded no significant differences across groups (F-test p-values > 0.17). Similarly, t-tests 

between the proportion of healthy choices for taste and health prime groups were non-

significant (one-sided p’s > 0.09).  

Mixed-effects logistic regression was used to fit psychometric choice curves for 

each prime group, with the curve slopes revealing how heavily participants weighted 

the health, taste, and overall value attributes of food items (Figure 6). Relative to the 

taste prime group, health-primed participants had a significantly smaller decision 

weight for taste (b = -0.23, c2 = 13.92, p < 0.001), but not value (b = 0.08, c2 = 1.75, p = 0.19), 

and a significantly larger decision weight for health (b = 0.31, c2 = 72.37, p < 0.001). On 

conflict trials, health-primed participants again had a significantly smaller decision 

weight for taste (b = -0.34, c2 = 13.96, p < 0.001), but not value (b = 0.06, c2 = 0.43, p = 0.51), 

and a significantly larger decision weight for health (b = 0.39, c2 = 56.48, p < 0.001), 

relative to the taste group. These results largely replicate the findings from Chapter 2, 

with the exception that a significant decrease in general value weighting was not 

observed in the replication health prime group. 
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Figure 6: Psychometric choice curves show prime effects in the replication 
sample. 

Gaze metrics generally remained stable across the prime groups, and any 

significant effects of prime type were only seen in the primary or replication samples, 

but not both, thus failing to replicate. The number of fixations allocated to the healthier 

option did not significantly differ between prime groups (p > 0.26; conflict: p > 0.46), nor 

did the proportion of dwell time on the healthy item (p > 0.40; conflict: p > 0.71). First 

fixation durations were approximately 39ms longer when foveating the healthy item 

first on conflict trials (non-conflict: p > 0.90; conflict: t(2497) = 2.50, p < 0.05), however the 
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magnitude of this effect did not differ between prime groups (p’s > 0.75). This effect was 

not seen in the primary sample, and is not considered a reliable result due to the lack of 

replication across samples. There were no significant differences between the middle 

and last fixation durations between prime groups (p’s > 0.11). The first fixation location 

was not predictive of subsequent choice (p’s > 0.70), and there was no effect of prime 

type on first fixation location either (p’s > 0.24). Last fixation location significantly 

predicted subsequent choice (conflict and non-conflict p’s = 2e-16), however this effect 

did not vary by prime group (p’s > 0.36). 

 Replicating results from the primary sample, differences in mean and median 

response times across prime groups were non-significant (all p’s > 0.15) for both normal 

and conflict trials. HDDM analyses failed to replicate findings from Chapter 2. 

Collapsing across differences in taste and health attributes, all model parameters were 

not significantly different between prime groups (all 95% credible intervals contained 

zero). Unlike the results from the primary sample, when broken down by difference in 

taste rating, none of the fitted drift rates differed between the health and taste prime 

groups. However, in contrast to the primary sample, the bias was significantly higher in 

the health prime group when ∆Taste was -1 (95% CI: 0.01, 0.10) and 0 (95% CI: 0.02, 

0.08). While the DDM outcomes differed between the primary and replication samples, 

regression of the health and taste ratings, and their interaction, on drift rate showed 

similar results (Figure 7). The difference in taste rating had the largest beta, with a mean 

of 0.36 (SD = 0.01), followed by the difference in health rating (mean = 0.09, SD = 0.01) 

and the interaction of both terms (mean = 0.01, SD = 0.01). The taste beta was 
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significantly larger than the health beta and interaction betas (taste > health 95% CI: 

[0.24, 0.29]; taste > interaction 95% CI: [0.32, 0.37]), and the health beta was significantly 

larger than the interaction beta (95% CI: [0.06, 0.10]). 

 

Figure 7: Posterior probability distributions of the replication drift rate 
regression coefficients. 

The choice models from Section 2.3 successfully delineated the relative 

contributions of healthy choice predictors (see table 4 in Appendix A for full model 

results). Testing these models on the replication data, the most comprehensive model 

included individual food ratings and rankings, gaze metrics, response time, individual 

differences, and the prime conditions, and was able to classify out-of-sample choices 

with 82% accuracy (versus a chance level of 57% calculated via permutation testing; 

Table 3). Models restricted to only either gaze metrics or rating information classified 
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choices with 75% and 77% accuracy, respectively, highlighting their independent 

contributions in predicting decisions. The large success these models achieved provide 

confidence that the regressors identified are important for predicting dietary choice. 

Table 3: The accuracy of models in classifying out-of-sample healthy choices. 

Model 
Classification 

Accuracy 
True 

Positives 
True 

Negatives 
False 

Positives 
False 

Negatives 
All Factors 0.82 0.90 0.72 0.10 0.28 
Gaze + RT 0.75 0.77 0.73 0.23 0.27 
Ratings & 
Rankings 

0.77 0.88 0.63 0.12 0.37 

 

3.4 Discussion 

The 40-participant replication of Chapter 2’s health prime study demonstrated 

successful replication of most findings. The difference between the proportion of healthy 

choices was not significant between prime groups, however, the directionality of the 

result was similar to the primary sample, with the health prime group making 

approximately 6% more healthy choices on non-conflict trials and 10% more healthy 

choices on conflict trials. Importantly, this study saw the robust and successful 

replication of prime effects on food attribute weighting. Taste attributes were down-

weighted and health attributes up-weighted on both conflict and non-conflict trials, 

consistent with the primary results. In contrast to the primary findings, the overall value 

attribute was not modulated by the health prime. It is possible that the health prime 

effects are small enough that larger samples would need to be collected to see 

statistically significant effects on the proportion of healthy choices and value weighting. 
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The replication groups each had 20 participants per prime, whereas the primary groups 

each had greater than 30. 

Cross-validated, elastic net models of healthy choice achieved very high 

classification accuracy of replication sample choices, with the most comprehensive 

model predicting 82% of out-of-sample choices correctly. This work emphasizes the 

importance of internally replicating nudging effects to help identify spurious results and 

ensure an intervention’s robustness prior to implementation in everyday settings. As 

mentioned in Section 3.1, replicability issues continue to plague the psychological 

sciences, so providing internal replication evidence is growing increasingly important. 

One interesting facet of the classification results is that neither gaze nor rating data are 

as good at predicting individual choices as the combination of the two. This suggests 

people’s stated preferences are not perfectly reliable, and online metrics of decision 

processing such as eye tracking may better help to identify constructed preferences as 

they arise.  

 Null effects of priming on gaze were replicated, as were consistent mean and 

median response times across groups, suggesting that the stability of these metrics 

across prime types is an accurate response to the experimental manipulation. The 

HDDM replication showed that some parameters were reliably changed while others 

were not. In Chapter 2, the health prime was shown to significantly increase the drift 

rate at certain taste differentials. HDDM of the replication sample, however, showed no 

differences in drift rate across varying taste attributes.  In contrast, the health prime 
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replication group displayed significantly larger bias parameters at certain taste 

differentials.  

These results suggest that the mechanistic effects of health priming remain 

unclear, however, estimations of the influence of taste and health attributes on drift rate 

were extremely similar. In the primary sample’s regression of drift rate, the taste 

attribute beta weight was 0.37 and in the replication sample it was 0.36. The primary 

sample’s health attribute beta was 0.14 while the replication sample’s health beta was 

0.09. Thus, the primary sample weighted taste 2.64 times as much as health and the 

replication sample weighted taste 4 times as much as health. While the taste betas were 

extremely close, it appears the replication had a smaller health attribute weighting, 

which may have contributed to the lack of replication in other model parameters.  

In the primary sample, the health prime enhanced value comparison processes in 

favor healthy options, while in the replication sample, the health prime shifted 

participants’ goals towards choosing healthy. These mixed results in the HDDM 

framework encourage further study of the mechanistic effects of the health prime to 

determine whether value comparison or healthy-eating goals are being influenced by 

health-positive information introduced by the prime, or whether effects of priming may 

vary by the particular samples exposed to them. 
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4. Image bias in dietary choice 

4A.1 Introduction  

People often encounter different representations of options in a choice set. For 

example, a restaurant menu might present certain meals with images while others have 

written descriptions. Little is known about how option representation affects value-

based decision making, yet people encounter such mixed option types frequently in 

everyday life. 

Research into the representation of experimental stimuli has shown that real 

items fetch a larger willingness-to-pay amount than word or image representations 

(Bushong, King, Camerer, & Rangel, 2010; Müller, 2013). These investigations found no 

difference in willingness-to-pay between words and images, and the authors suggested 

that the increased value of a real item stems from Pavlovian-cued approach behavior. 

However, willingness-to-pay was the only behavioral metric assessed in these 

experiments. The stark difference in visual information carried by words and images 

might have unexplored effects on decision processing more broadly, especially when 

people are choosing between a word and an image. 

It is easy to see that visual information is important for optimizing the outcomes 

of certain decisions. For instance, when picking apples from a grocery store, one might 

inspect the fruit for cuts, bruises, or other blemishes that could convey inferior quality. 

There is growing evidence that visual attention biases value-based decision making 
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within a sequential sampling framework (Krajbich, Armel, & Rangel, 2010; Lim, 

O'Doherty, & Rangel, 2011; Krajbich, Lu, Camerer, & Rangel, 2012). However, the 

magnitude of attentional discounting has varied across tasks, and another investigation 

did not show results supporting the theory (Cavanagh, Wiecki, Kochar, & Frank, 2014). 

These findings suggest a more nuanced interaction between attention and decision 

making, and multiple factors might influence the degree to which attention biases 

choice.   

One factor that varies from task to task is the form of evidence representation. 

Dietary choice paradigms typically use pictures of foods (Krajbich, Armel, & Rangel, 

2010), whereas consumer purchasing research might employ pictures of household 

items for sale with accompanying prices (Krajbich, Lu, Camerer, & Rangel, 2012). The 

probabilistic reward learning paradigm of Cavanagh and colleagues (2014) used simple 

abstract symbols with learned reward probabilities. The evidence required to solve each 

of these decision problem is disparate. Choosing optimally in a food preference study 

requires the active assessment of an option’s sensory information combined with 

internally generated evidence pertaining to past experiences with the option and current 

motivational states. The consumer purchasing task had similar evidence requirements, 

although it relied less on external sensory evidence since the price stimulus was 

symbolic and not directly linked to value. Correct decision making in the probabilistic 

reward learning task relied almost entirely on internal evidence, that is, the internally 

stored history of prior outcomes associated with each abstract symbol. The diversity 
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present across these tasks indicates that there might be a relationship between the 

features of a decision’s evidence source and the gaze bias. 

Applying these ideas within the option representation paradigm, the externally 

information-rich images should attract more attention on image-word trials, regardless 

of whether they were chosen or not. Attention serves as a selection mechanism for the 

visual information that people integrate as evidence for their decisions. Therefore, 

differing levels of visual information could potentially modulate the strength of value 

representations. Additionally, the multitude of salient visual features in images should 

lead to bottom-up attentional capture. This might manifest as more first or last fixations 

to the images, or an overall greater proportion of dwell time on the images. Given 

previous research on the interaction between attention and valuation processes, this 

could result in a bias towards choosing images.  

We predict that people will display a preference for selecting image 

representations over word representations when both items have equal value ratings. 

This hypothesized bias is presumed to be due to large amounts of visual information 

present in the image that lead to a more stable, less noisy, value representation. While an 

image preference may be evident in the drift rate of the Drift Diffusion Model, it will be 

key to assess whether variability in this parameter will be smaller for images, which 

would support the idea of their having less noisy value representations. 

We further hypothesize that response times will be shorter on image-image trials 

than word-word trials because forming value representations of image options should 

be easier given the greater number of visual features available to cue the item’s value. 
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Response times on image-word trials may fall somewhere in between the other two trial 

types, or they might be yoked to the average response time of one option type (image or 

word). These differences should be evidenced in the non-decision time component of the 

drift diffusion model, as this governs all non-decision related processing, such as the 

time it takes to encode a representation of an option and its value. 

In the following experiments, participants completed an incentive compatible 

binary choice task, choosing between pairs of snack food items displayed as images, 

words, or one image and one word. Prior to the task, items were rated for healthfulness, 

tastiness, and value on five-point Likert scales. The priming intervention from Chapter 2 

was used again for further replication of its effects, however these analyses did not 

overlap with the image-word hypotheses mentioned above. Mixed-effects logistic 

regression was used to analyze choice behavior, and drift diffusion modeling combined 

with eye tracking provided insight into the psychological processes at play. Two 

variants of this paradigm were carried out to assess the replicability and strength of 

potential findings. The first experiment (Sections 4A.1-4) was performed on a Tobii T60 

eye tracking system, and the second (Sections 4B.1-4) was conducted in an fMRI scanner 

with altered timing procedures, as described in section 4B.2. 

4A.2 Methods 

Individuals began the experiment by rating each snack food item for taste, 

healthfulness, and value (i.e., how much would you like to eat a given food item at the 

end of the experiment?). After reading instructions containing a health prime or taste 

prime (see Section 2.2), participants were calibrated on the eye tracker and completed 
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300 binary food choice trials. One third of trials were pairs of images, one third were 

pairs of words, and the final third comprised image and word pairs. Approximately half 

of all trials were designed to be conflict trials, i.e. those in which one item was rated 

healthier and the other was rated tastier. 

 On each choice trial, participants indicated their preferred snack food item via a 

key press (left arrow for the item on the left and right arrow for the item on the right). 

On each trial, stimuli were randomly assigned to be on the left or right side of the screen. 

After making a response, the selected item was outlined with a blue box for one second 

before a fixation cross was displayed for a random inter-trial interval between 1-2 

seconds. One trial was randomly selected at the end of the experiment and participants 

were asked to eat the snack food item they chose on that trial. The same stimuli used in 

Section 2.2 were used here, with the addition of 5 more snack items selected for their 

more aversive nature (e.g., canned spinach, canned salmon). Participants were asked to 

fast for four hours prior to starting the experiment. 

79 members of the Duke community comprised the experimental sample (mean 

age 24.27, SD = 8.01; 54 female). The sample was broken into two groups (nhealth = 40, ntaste 

= 39) for a between-subjects replication of the priming effect from Chapter 2. All choice 

behaviors were analyzed using logistic modeling. For some analyses, data were filtered 

to only include “conflict” trials. Conflict trials were those in which one item was rated as 

healthier and the other was rated as tastier. In general, non-conflict trials are relatively 

easy decisions because one item is both healthier and tastier, whereas conflict trials are 

relatively difficult decisions that involve trade-offs between attributes. 
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Diffusion models and parameters were estimated using the HDDM package in 

Python (Wiecki, Sofer, & Frank, 2013). Models were fit to determine whether the 

different trial types (image-image, image-word, and word-word) affected the drift rate, 

boundary separation, non-decision time or response bias. Linear regression of drift rate 

was used to determine the relative contributions of trial type and food attributes (health, 

taste) during choice. Response times were log-transformed for all non-HDDM analyses, 

with resulting estimates inverted back to milliseconds to make inferences more intuitive. 

4A.3 Results 

Mixed-effects logistic modeling of choice revealed that the difference in value, 

taste, and health ratings were all significant predictors of choice (Figure 6; value: b = 

0.75, c2 = 497.13, p < 0.001; taste: b = 0.70, c2 = 238.61, p < 0.001; health: b = 0.05, c2 = 5.30, p 

< 0.05). Additionally, there was a significant interaction between the effect of the health 

prime and the difference in health ratings, such that that health rating beta weight was 

higher for participants in the health prime group (b = 0.09, c2 = 7.93, p < 0.01). On conflict 

trials, those where one option was healthier and the other tastier, only the difference in 

value and taste showed significant main effects on choice (Figure 8; value: b = 0.68, c2 = 

444.04, p < 0.001; taste: b = 0.51, c2 = 119.4, p < 0.001). The health prime again increased 

weighting of the health ratings (b = 0.13, c2 = 10.34, p < 0.01), and also decreased 

weighting of value on conflict trials (b = -0.30, c2 = 49.62, p < 0.001). These results largely 

replicate the prime’s effects on dietary choice behavior, first introduced in Chapter 2. 

Replication in a second independent sample highlights the robustness of this technique 

as an experimental manipulation. Inclusion of trial type information (image-image, 
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image-word, or word-word trials) into the standard and conflict-data only models 

yielded no significant main effects of option representation, nor did they show any 

interactions with the primes and rating differentials (all p’s > 0.15). 

 

Figure 8: Health prime effects on conflict-trial choice behavior.  

Next, mixed-effects logistic modeling was used to determine whether images 

were preferred over words in any choice scenarios on image-word trials. Since this 

analysis was limited to only a third of trials, the absolute difference in value relative to 

the image was used as a regressor to increase the power of the analysis, e.g., choice 

outcomes for value differences of 1 and -1 were grouped together. Model results 

demonstrated that choosing the image was significantly related to the image-relative 

value difference (b = -0.06, c2 = 4.10, p < 0.05), but had no relationship with whether the 

options came from a conflict trial or not. At absolute value differences of 0 and 1, the 

proportion of images choices was significantly greater than chance (Figure 9; Absolute 
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value difference of 0: mean = 0.53, SD = 0.01, t(77) = 2.46, p < 0.05; Absolute value 

difference of 1: mean = 0.53, SD = 0.01, t(77) = 2.01, p < 0.05; chance expected at 0.5 due to 

the randomization of words and images to the right and left sides of the screen). There 

were no significant differences in the proportion of images chosen at absolute value 

differences of 2, 3, and 4. There was also a significant effect of image location on image 

choice at image-relative value differences of zero and four. When the image and word 

had equal value ratings (i.e., a difference of zero), people chose the image approximately 

57% (SD = 0.16) of the time when it was on the left and 49% (SD = 0.16) of the time when 

it was on the right (F =10.63, p < 0.01). When the image had a maximum value advantage 

over the word (i.e., difference of four), people chose the image 100% (SD = 0) of the time 

when it was on the left and 92% (SD = 0.25) of the time when it was on the right (F = 7.26, 

p < 0.01). 
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Figure 9: The proportion of image choices across the absolute differences of 
value ratings. 

Differences in decision processing times across trial types were examined by log 

transforming response time data, extracting participant means across conditions, 

entering them into a mixed-effects linear regression, then back-transforming the beta 

weights into milliseconds for ease of interpretation. Log transformation is used to reduce 

the impact that values in the response time distribution tail have on the RT mean 

(Whelan, 2008). Figure 10 shows the effects that trial type had on response time across 

absolute differences in value rating. Modeling demonstrated that response time 

significantly decreased as the absolute difference in value increased (b = -123.29, F = 
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189.72, p < 0.001). Response times on image-word trials were 181.33 milliseconds faster 

than those on word-word trials (F = 65.94, p < 0.001), and response times on image-

image trials were 250.70 milliseconds faster (F = 131.68, p < 0.001). 

 

Figure 10: Response time by value difference and trial type. 

We next examined eye tracking data from image-word trials to better understand 

how attention is differentially allocated to images and words during value-based choice. 

Gaze metrics were analyzed relative to whether the image was chosen, whether the 

image was on the left or right, and the difference in value rating (image value minus 

word value).  
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As the value of the image option increased relative to the word option, the 

proportion of dwell time to the image option decreased (b = -0.005, F = 12.01, p < 0.001). 

Trials where the word option was on the left side of the screen also displayed 

significantly decreased dwell time relative to the image (b = -0.03, F = 93.25, p < 0.001), 

suggesting that stimulus order matters for allocating attention. On trials where the 

image was ultimately chosen, participants allocated more dwell time to the image option 

(b = 0.07, F = 187.32, p < 0.001). 

Across all trials there was a left-to-right scanning bias wherein participants made 

first fixations to the left item on approximately 78% of trials and last fixations to the right 

item on approximately 56% of trials. These proportions did not significantly differ across 

trial types (all p’s > 0.1). Mixed-effects logistic regression showed that, when the word 

option was on the left, participants were significantly less likely to make their first 

fixations to the image (b = -1.29, c2  = 1013.97, p < 0.001). Participants were significantly 

more likely to make their last fixation to the image when it was on the right side of the 

screen (Figure 10; b = 0.25, c2  = 44.54, p < 0.001), and on trials where they eventually 

chose the image (b = 1.00, c2  = 344.91, p < 0.001).  

Participants made fewer visits to the image option (i.e., unique instances of 

directing gaze to the image option) as the image value increased (b = -0.01, F = 4.60, p < 

0.05) and when the image was on the right (b = -0.18, F = 178.67, p < 0.001). On trials 

where participants chose the image option, they made significantly more visits to the 

image option (b = 0.11, F = 24.82, p < 0.001). The average image visit duration varied 

according to the image-relative value difference and an interaction between the image 
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location and whether it was chosen or not. As the value of the image increased relative 

to the word, participants made shorter visits to the image option (b = -7.80, F = 6.65, p < 

0.05). While there were no main effects of image location and choice, when the image 

was on the right and it was chosen, image visit durations were approximately 30 

milliseconds longer (b = 29.60, F = 10.68, p < 0.01). 

The number of fixations per image visit also significantly increased when the 

image was on the right (b = 0.06, F = 11.17, p < 0.001) and on those trials where the image 

was ultimately chosen (b = 0.14, F = 20.01, p < 0.001). The number of fixations per image 

visit significantly decreased with increasing image value (b = -0.02, F = 6.57, p < 0.05). 

mirroring results above. The average image fixation duration was significantly greater 

when the image was on the right (b = 0.15.41, F = 7.97, p < 0.01), when the image was 

chosen (b = 36.27, F = 15.55, p < 0.001), and when the image was on the right and chosen 

(b = 15.26, F = 4,03, p < 0.05). The average image fixation duration was significantly 

decreased as the image value increased (b = -6.02, F = 5.63, p < 0.05). 
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Figure 11: Proportion of left choices by last fixation location. 
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Figure 12: Proportion of last fixations allocated to the image option. 

To help identify task-related changes in decision processing, particularly those 

seen in response time (Figure 10), a drift diffusion model was fit with parameters 

varying by trial type. Figure 13 shows the posterior probability traces of each parameter 

in the model, split by image-image (II), image-word (IW), and word-word (WW) trials. 

95% credible interval (CI) testing revealed that word-word trials had a significantly 

greater non-decision time than image-image and image-word trials (WW > II 95% CI: 

[0.08, 0.14]; WW > IW 95% CI: [0.05, 0.11]), although the latter two did not significantly 

differ. In addition to non-decision time differences, word-word trials demonstrated 
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significantly greater boundary separation than image-image trials (WW > II 95% CI: 

[0.04, 0.27]), but there were no differences between the image-word condition and the 

others. Between all three groups, there were no significant differences in the drift rate 

and bias parameters. 

 

Figure 13: Drift diffusion modeling results explain response time differences 
between trial types. 

4A.4 Discussion 

The effects of the health prime nudge first introduced in Chapter 2 were largely 

replicated in this new sample of participants. While the effects on non-conflict attribute 

weighting are slightly different from previous results, importantly, there was still 

significant up-weighting of health information and down-weighting of taste and value 

information on conflict trials (Figure 6). These results further demonstrate the robustness 

and reliability of the prime intervention to alter behavior. 
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Results from trial type analyses provide insight into differences in decision 

making across option representation types. Participants displayed very similar 

psychometric choice curves across trial types (image-image, image-word, and word-

word), and mixed-effects modeling revealed no significant effects or interactions 

involving trial type, demonstrating that the form of option representation did not affect 

attribute weighting. There was also no significant interaction between trial type and 

prime type on choice. These results suggest that revealed choice preferences remain 

relatively stable across option types, otherwise there would be variations in the attribute 

weighting as seen in the prime results. 

Despite seeing no significant choice differences across trial types, on image-word 

trials, people choose the image about 3% more often when the difference in value ratings 

was small (-1, 0, or 1). The proportion of image choices was not significantly different 

from chance at all other value differentials. This result suggests that the added value 

provided by visual information in images may give such options a small advantage over 

word descriptors. Due to the small size of the image bias, it will be important to replicate 

this effect in future studies of option representation to assess its robustness. 

While option representation had mild effects on choice behavior, decision 

processing times were greatly influenced by trial type (Figure 8), whereby image-image 

trials had the fastest RTs (mean = 1131ms), then image-word trials (mean = 1241ms), 

with word-word trials being the slowest (mean = 1410ms). The absolute difference in 

value rating also significantly predicted response times such that the speed of responses 

became faster as the value differential increased. The RT differences observed between 
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trial types were the most striking example of the changes in decision processing due to 

varying forms of option representation. Drift diffusion modeling was used to better 

understand these differences in response time, and results showed that word-word trials 

were associated with larger non-decision times and boundary separation. These findings 

indicate that when presented with word options, people take longer to form mental 

representations of them, as evidenced by the longer non-decision time. Further 

accounting for slowed response times, word-word conditions had larger boundary 

separation, which means it took longer to reach a decision threshold on these trials. As 

boundary representation represents a speed-accuracy trade-off in behavior, this result 

suggests that word representations require additional processing time to ensure similar 

accuracy to the image representations. 

Eye tracking analyses were directed at image-word trials because they present 

the two option representation types in opposition. A left-to-right scanning bias was 

found in the eye tracking data, meaning that people typically look to the left option first 

and the right option last, regardless of whether they were images or words. This pattern 

may be consistent with a learned left-to-right scanning pattern typically attributed to 

reading norms in western cultures (Spalek & Hammad, 2005). Interestingly, as the image 

value increased relative to the word option, participants allocated less visual attention to 

it. This finding might represent a decreased need to collect decision evidence for more 

valuable options, resulting in more gaze directed at the alternative. Consistent with 

extant research (Krajbich, Armel, & Rangel, 2010; Krajbich, Lu, Camerer, & Rangel, 
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2012), participants allocate more attention to their chosen option throughout the trial. 

This bias was evident in all gaze metrics analyzed. 

Taken together, these results show that word representations cause a slowing in 

decision processing speed that is explained by both increased time to form an option 

representation and an increased emphasis on accuracy over speed. It is possible that 

words require longer non-decision times because they have fewer visual cues to help 

instantiate a mental representation of the option value. Visual cues such as brand names 

and indicators of food quality may help to bring a value representation online faster 

when options are represented as pictures. Further work is needed to delineate what 

exactly is different about non-decision processing between word and image options. The 

difference in boundary separation was unexpected, yet informative for explaining RT 

differences. This finding indicates that people may have less confidence when choosing 

between word options, thereby requiring more value integration to reach a decision 

with comparable accuracy to image-image trials. Additional work in this area may be 

helped by incorporating trials where participants can make errors and comparing 

whether word options lead to more errors than image options. It is hard to attain true 

“errors” in a domain as subjective as food choice, but perhaps could be accomplished 

with participants who have explicit weight loss goals. In these cases, choosing 

something less healthy would constitute an error. 

More broadly, these results have practical implications. First, the small, but 

significant, bias towards image options could be turned into an intervention that 

promotes healthier eating. For example, food establishments could maintain menus 
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where healthy items are pictured, but unhealthy items are represented by word 

descriptions only. Additional work should test the efficacy of this strategy in real-world 

contexts, although the preliminary finding of an image bias is promising. Second, the 

large slowing in decision speed as options are represented as words has the potential to 

promote healthier eating. Previous research has demonstrated that taste attributes are 

processed earlier than health attributes (Sullivan, Hutcherson, Harris, & Rangel, 2015), 

and a slowed response time could allow health attributes to contribute more to the 

evidence accumulation process. 

4B.1 Introduction 

 The experiment outlined in this section is a variant of the procedure in Section 

4A.2. Because this section’s study was conducted in an fMRI scanner, trial timing was 

adjusted for the optimal collection of BOLD data. These changes introduced minor 

differences in the option representation paradigm, detailed below. 

4B.2 Methods 

The experimental stimuli were the same used in section 4A.2, however the trial 

timing and overall procedure were different. Behavioral data from 129 people 

participating in an fMRI experiment were used to test the replicability of the option 

representation results. Participants were informed that they had a maximum of three 

seconds to make their decisions, and if no response was recorded in that time, then an 

option would be randomly selected for them. This meant that they could receive a 

random option from that trial, thereby discouraging non-responses if both options were 

disliked. The other timing difference pertained to the inter-trial interval. As this task was 
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designed for a functional magnetic resonance imaging protocol, the time between trials 

was randomly drawn from an exponential distribution to optimize event-related 

analyses of the blood-oxygen level dependent signal. Further, the fMRI scanner did not 

have eye tracking capabilities, so no gaze results are presented below. 

4B.3 Results  

Mixed-effects logistic modeling of choices on non-conflict trials found significant 

main effects of value (b = 0.69, c2 = 1045.74, p < 0.001), taste (b = 0.61, c2 = 420.07, p < 

0.001), and health ratings (b = -0.07, c2 = 19.94, p < 0.001; Figure 14). There was one 

significant prime interaction, where by health prime increased weighting on the health 

attribute during choice (b = 0.19, c2 = 67.41, p < 0.001). On conflict trials, value (b = 0.78, 

c2 = 1202.40, p < 0.001), taste (b = 0.50, c2 = 206.45, p < 0.001), and health ratings (b = -0.14, 

c2 = 30.23, p < 0.001) remained strongly significant predictors of choice. On this subset of 

trials, each attribute significantly interacted with the health prime condition, with value 

and taste weights decreasing (value: b = -0.14, c2 = 17.53, p < 0.001; taste: b = -0.30, c2 = 

43.17, p < 0.001) and health weighting increasing (b = 0.10, c2 = 9.45, p < 0.01). On non-

conflict trials, trial type (i.e., image-image, image-word, or word-word) did not 

significantly influence choice (p > 0.10; Figure 15) and did not interact with any prime 

conditions or attribute weighting (p’s > 0.05). On conflict trials, however, taste and 

health significantly interacted with the trial type. Relative to word-word trials, the 

influences of taste and health were stronger on image-word trials (taste: b = 0.10, c2 = 

6.53, p < 0.05; health: b = 0.09, c2 = 6.67, p < 0.05). 
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Figure 14: Health prime effects replicate in another independent sample. 
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Figure 15: Psychometric choice curves show minimal effect of trial type on 
food attribute weighting. 

No image bias was found on image-word trials from this sample (Figure 16). 

Mixed-effects logistic regression of image choice on absolute difference in want rating 

was non-significant (p > 0.70) regardless of whether the trials were conflict or non-

conflict choices (p > 0.20). Additionally, all t-tests of whether the proportions of image 

choices were different than 0.5 (i.e., chance) were non-significant (p’s > 0.4). 
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Figure 16: The proportion of image choices across the absolute differences of 
value ratings under time pressure. 

Differences in decision processing times across trial types were examined by log 

transforming response time data, extracting participant means across conditions, 

entering them into a mixed-effects linear regression, then back-transforming the beta 

weights into milliseconds for ease of interpretation. Figure 17 shows the effects that trial 

type had on response time across absolute differences in value rating. Modeling 

demonstrated that response time significantly decreased as the absolute difference in 

value increased (b = -43.34, F = 101.87, p < 0.001). Response times on image-word trials 

were 87.56 milliseconds faster than those on word-word trials (F = 66.42, p < 0.001), and 
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response times on image-image trials were 152.71 milliseconds faster (F = 211.05, p < 

0.001). Moreover, trial type significantly interacted with the absolute value difference, 

such that response times decreased more quickly for image-image (b = 29.10, F = 24.06, p 

< 0.001) and image-word trials (b = 17.95, F = 9.11, p < 0.01) as the absolute value 

difference increased.  

 

Figure 17: Response time by value difference and trial type under time 
pressure. 



 

Next, HDDM analyses were repeated to examine whether the non-decision time 

and boundary separation increases for word-word trials replicated under time-pressure. 

As seen in Figure 18, the some of the results are similar to those of the primary sample, 

while others are vastly different. Non-decision time was again largest for the word-word 

trials (WW > II 95% CI: [0.01, 0.10]; WW > IW 95% CI: [0.10, 0.20]), however, this model 

showed image-image trials to have a bigger non-decision time than image-word trials (II 

> IW 95% CI: [0.06, 0.14]), whereas previously they were not significantly different (see 

Figure 13). Boundary separation results were replicated, with word-word trials having 

significantly greater non-decision time than image-image trials (WW > II 95% CI: [0.12, 

1.49]), and no other significant differences between trial types. Interestingly, whereas 

there were no drift rate differences in the primary sample, the replication set showed 

higher drift rates for word-word trials compared to image-image trials (95% CI: [0.21, 

0.54]) and image-word trials compared to image-image trials (95% CI: [0.18, 0.49]), 

although no differences were seen between word-word and image-word trials. Finally, 

the bias parameter on word-word trials was significantly greater than that on image-

word trials (95% CI: [0.001, 0.10]), but no other contrast was significantly different. This 

result also conflicts with the previous HDDM findings which showed no difference in 

the bias parameter across trial types. 

 

 

 

 



 

 

84 

 

 

 

Figure 18: Drift diffusion modeling replicates results from Section 4.1.3. 

4B.4 Discussion 

This modified version of the option representation task largely replicated results 

from the original experiment in Section 4A.3. For example, the health prime’s effects on 

attribute weighting were again seen in the data, as were the trial type’s null effect on 

attribute weighting. Minor exceptions to this latter point were significant interactions 
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between trial type and the taste and health attributes. These effects were small, just 

below the p < 0.05 threshold (both p’s approximately 0.04), and, they seemingly fail the 

“eye” test. Looking at the psychometric choice curves in Figure 15, it appears that these 

significant interactions may be the result of differences at select extreme points of the 

∆Taste and ∆Health scales, rather than a large difference seen across the rating scales. 

A bias for choosing images was not replicated in this sample, as the proportion of 

images chosen was not significantly different from chance at any level of ∆Value. This 

suggests that the small effects seen in the primary sample may have represented 

spurious results, and that the inclusion of additional data eliminated the effects. Despite 

this lack of replication, the striking differences in response times across trial type were 

replicated in this sample that performed the task under time pressure (Figure 16). This 

direct replication provides great confidence in the reliability of these differences in 

response time, although more work needs to be done to determine the source of the 

differences. 

The HDDM modeling replication presented conflicting results. Increases in non-

decision time (NDT) and boundary separation were seen in both the primary and 

replication samples, however image-image trials showed a larger NDT than image-word 

trials, which was not seen in the original sample. This result casts doubt on the 

interpretation that words require more time for forming value representations, although 

the replication of the word-word trials having the largest NDT is encouraging. 

Replication of increased boundary separation for word-word trials supports the 

previous assertion that word representations may require more decision processing time 
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to achieve the same level of accuracy as image representations. Unexpectedly, the drift 

rate parameter was larger on word-word and image-word trials compared to image-

image trials. A larger drift rate in these cases represents greater evidence accumulation 

towards choosing the left option, and it is possible that word options might encourage a 

stronger left-to-right scanning bias, thereby explaining this increase in drift rate. 

However, it remains unclear why this result was not seen in the primary sample as well. 

It is possible that the time pressure or the fMRI environment could have changed 

decision processing in unforeseen ways that manifested in the drift rate parameter. 

Further work should address this discrepancy, potentially by only presenting one 

stimuli at a time (image or word) and having participants choose between the onscreen 

option and a constant, offscreen reference option. With this modified procedure, the 

direct effects of image or word representations could be assessed, as there would be no 

questions of option order (word on the left or right). Finally, the bias parameter on 

word-word trials was greater than that on image-word trials, another result not seen in 

the original model. This unexpected result, combined with the unexpected drift rate 

differences, suggests the need for further exploration of this topic and greater refinement 

of the experimental paradigm to tease apart conflicting results. 
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5. Conclusions and future directions 

The aim of this dissertation was to show that nudging interventions are best 

investigated by studying both outcome efficacy and the cognitive response to such 

strategies. Chapter 2 introduced a novel information nudge that biased people to choose 

healthier snack food options in a binary choice task (n = 109). Logistic modeling revealed 

that health-primed participants used health information more and taste information less 

when making decisions. Cross-validated models of individual choice found that the 

health prime, select gaze metrics, and stated food preferences were the strongest 

predictors of choice. Markers of visual attention remained stable across prime groups, 

yet Drift Diffusion Modeling showed that evidence accumulation rates were higher in 

the health prime condition. This result provided a quantitative cognitive marker of 

shifting value-based preferences in response to an information nudge. 

The health prime effects were reproduced in Chapter 3 using a replication 

sample (n = 40) for experimental rigor in line with growing scientific norms. Participants 

exposed to the health prime significantly up-weighted health and down-weighted taste 

information, replicating effects from the primary sample. Models from the primary 

sample were used to predict individual choices in the replication sample, and showed 

high classification accuracy (82%) with differing contributions from stated preferences 

and gaze metrics. Eye tracking results were replicated, yet the Drift Diffusion Modeling 

results pointed to an alternative explanation for the health prime’s effect, that of shifting 

participant’s dietary goals, rather than changing evidence accumulation rates. These 

conflicting findings may be a symptom of the way particular samples differentially 
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respond to nudges, they might be due to a smaller sample size in the replication (i.e., not 

enough data), or one or both findings may be spurious. Additional data analysis and 

experimentation is required to tease apart these possibilities. 

While further investigation is needed to understand the cognitive response to the 

health information nudge, its success in the lab is encouraging for testing its efficacy in 

everyday settings. Much nudging research makes use of cafeterias and restaurants to 

test intervention utility, however, another option would be to use a simulated shopping 

environment such as the Duke Fuqua Behavioral Lab’s Mock Store. The Mock Store 

simulates a convenience store environment with both food and non-food retail goods 

displayed on shelving with price tags, similar to an actual convenience store. The 

advantage of testing the nudge in this environment is that many problematic degrees of 

freedom present in real-world settings are under researchers’ control in the Mock Store. 

For example, the price and arrangement of every single item in the Mock Store may be 

set by experimenters, whereas real businesses may be less willing to adjust such factors 

for fear of hurting sales. In this vein, the Mock Store represents an experimental stepping 

stone to the laborious task of field research. Multiple variants of a nudge can also be 

tested rapidly in the Mock Store, to determine if one version might be better than others 

or if particular iterations are better for particular demographics. If a nudge’s effects are 

robust in the lab and Mock Store settings, then investigators may embrace field research 

with confidence, the penultimate step to actually incorporating a nudge into a policy 

framework. 
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Chapter 4 tested whether displaying options as images or words biased decision 

making, thereby exploring the utility of this dichotomy as a nudging intervention. A 

primary sample (n = 79) showed that participants had a small preference for choosing 

images over words when value differences were small, although this result did not 

replicate in a larger sample (n = 129). Despite this lack of replication, both groups 

showed robust changes in response latency, such that the introduction of word stimuli 

significantly slowed response times across participants (on average, word-word trials 

were approximately 250 milliseconds slower than image-image trials). Drift Diffusion 

Modeling of behavior across option types revealed that both samples had larger non-

decision times and boundary separation on word-word trials, findings that provide 

mechanistic explanations for the changes in response time. These results demonstrate 

both a robust behavioral change and a corresponding theoretical account of the 

cognitive response to different option representation types. 

Word representations led to longer non-decision times, which suggests that 

encoding the value of these options takes longer than their image counterparts. It is 

possible that word options are accompanied by more noise in the encoding process, as 

there are no static visual markers of quality or features that could rapidly cue the recall 

of reward-associated memories (e.g., a snickers logo cueing positive taste associations). 

The increased boundary separation on word-word trials meant that diffusion processes 

took longer to reach decision thresholds, another reason why processing was slowed. 

Changes in this parameter suggest that participants required more time when choosing 

between words to be as accurate as choosing between images. Noisier value 
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representations could also provide an explanation for this shifting feature of the decision 

process. If the value representations of words are noisier (i.e. less reliable) than images, 

people would need to integrate more evidence for word options to achieve the same 

level of confidence in their choices. In addition to examining noise across the 

parameters, delineating the relative contributions of non-decision time and boundary 

separation to response time increases is an important next step in this line of research. 

While the data did not show a replicable choice bias for images over words, it is possible 

that the slowed response time for words could be utilized to push people towards 

healthier decision making. Previous research has found that the taste attributes of food 

are processed faster than health attributes (Sullivan, Hutcherson, Harris, & Rangel, 

2015), which suggests that slowing decision times may allow health information to 

“catch up” to taste in the evidence integration process. Additionally, slowing decision 

times may increase the window for other nudges to have an effect on behavior. Using 

multiple nudges simultaneously is indeed one strategy taken by researchers in attempts 

to promote healthier dietary decision making (Levy, Riis, Sonnenberg, Barraclough, & 

Thorndike, 2012; Thorndike, Sonnenberg, Riis, Barraclough, & Levy, 2012; Thorndike, 

Riis, Sonnenberg, & Levy, 2014). 

 There are several experiments that would be natural follow-ups to those 

presented in this dissertation. For instance, an optimized version of the option 

representation paradigm might present stimuli one at a time, with every decision made 

relative to the same, non-displayed reference option. This simple change would make it 

easier to tease apart the differential effects of image and word representations on 
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decision processing. For example, generating non-decision times separately for one 

word and one image would allow for direct comparison of this parameter, whereas it is 

unclear if pairing these options together might create unforeseen interactions. 

 Another extension of this research should come in the form of modeling noise for 

various DDM parameters. As mentioned previously, there are many a priori reasons to 

suspect that value representations for words should be noisier than those for images, 

which could provide an alternative explanation to the differences in response time seen 

in Chapter 4. While allowing the variance of each parameter to vary with option 

representation will greatly increase model complexity, it can refute or support noise 

hypotheses. 

 Further work should strive to link trait level personality differences with 

parameters of the Drift Diffusion Model and their responses to nudges. The DDM 

parameters are extremely useful markers of decision processing, however the modeling 

requires multiple choices from individuals to analyze their response time distributions. 

As nudges are tested in the field, this becomes a logistic impossibility. For example, 

asking people to repeatedly buy food from a cafeteria over a single meal period would 

likely diminish the natural behavior sought after in such experiments. By correlating 

various personality metrics, such as impulsivity or health consciousness, with DDM 

parameters, researchers have an alternative way to predict how someone might respond 

to a nudge and can build profiles of which decision makers are most susceptible to 

nudging efforts. 
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The experiments described in this dissertation demonstrated novel results in the 

fields of value-based decision making and dietary choice. Decisions, response times, eye 

movements, and Drift Diffusion Models were analyzed to see how people respond to 

nudging interventions and alterations in choice architecture. The results provide 

avenues for translating effective nudges from the lab to everyday settings, with internal 

replications bolstering confidence in the utility of these methods. Thus, the work 

contained in this document represents substantial progress in our knowledge of dietary 

choice and its associated cognitive processes. 
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Appendix A 

 

 

Figure 19: Drift rates plotted as heat maps for each of the three prime groups. 
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Table 4: Parameter estimates and inclusion frequencies from all models 
(Section 2.3). 

Regressor	 EN	Beta	
(Gaze)	

EN	Beta	
(No	Gaze)	

Incl.	Freq.	
(Gaze)	

GLM	Beta	
(Gaze)	

Incl.	Freq.	
(No	Gaze)	

GLM	Beta	
(No	Gaze)	

Health	Prime	 0.19	 0.27	 70%	 0.57	 66%	 0.55	
Taste	Prime	 0	 0	 35%	 -	 31%	 -	
Control	Prime		 0	 0	 15%	 -	 11%	 -	
Response	Time	 0	 0	 34%	 -	 33%	 -	
Prop.	Healthy	Fixations	 0.76	 -	 46%	 0.67	 -	 -	
Prop.	Unhealthy	Fixations	 -1.25	 -	 96%	 -2.36	 -	 -	
Healthy	Fixation	Time	 0	 -	 26%	 -	 -	 -	
Unhealthy	Fixation	Time	 0	 -	 32%	 -	 -	 -	
Total	Fixations	 0	 -	 38%	 -	 -	 -	
Total	Saccades	 0	 -	 37%	 -	 -	 -	
First	Fixation	Healthy	 0	 -	 26%	 -	 -	 -	
Last	Fixation	Healthy	 1.32	 -	 100%	 2.09	 -	 -	
First	Fixation	Duration	 0	 -	 16%	 -	 -	 -	
Middle	Fixation	Duration	 0	 -	 32%	 -	 -	 -	
Last	Fixation	Duration	 0	 -	 23%	 -	 -	 -	
Health	Rank	Differential	 0	 0	 18%	 -	 -	 -	
Health	Rate	Differential	 0.01	 0	 48%	 0.08	 -	 -	
Taste	Rank	Differential	 0.22	 0.09	 96%	 0.27	 93%	 0.15	
Taste	Rate	Differential	 0.20	 0.16	 94%	 0.27	 94%	 0.24	
Value	Rank	Differential	 0.53	 0.74	 100%	 0.84	 100%	 0.83	
Value	Rate	Differential	 0.63	 0.96	 100%	 1.05	 100%	 1.09	
ABIS:	Attention	 0	 0	 55%	 -	 52%	 -	
ABIS:	Motor	 0	 0	 21%	 -	 18%	 -	
ABIS:	Nonplanning	 0	 0	 28%	 -	 18%	 -	
Self-Control	Score	 0	 0	 25%	 -	 24%	 -	
Eating	Attitudes	Test	 0	 0	 37%	 -0.04	 32%	 -	
Health	Consciousness	 0.01	 0	 37%	 0.13	 28%	 -	
Maximization	Score	 0	 0	 32%	 -	 22%	 -	
Sex	 0	 0	 37%	 -	 32%	 -	
Weight	Loss	Diet	 0.17	 0.16	 50%	 0.54	 46%	 0.52	
Hours	Since	Eating	 0	 0	 30%	 -	 21%	 -	
Hunger	Rating	 0	 0	 32%	 -	 25%	 -	
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Appendix B 
Health Prime 

Thank you for choosing to participate in this experiment! Please read the following 

instructions carefully and ask the experimenter if you have any questions. 

The purpose of this study is to learn about how a food item's healthfulness affects 

people's choices about what they eat. We are interested in this question because leading 

scientists at top universities across the country have shown that eating a healthy diet is 

very important. They mention that one key benefit of eating healthy is the ability to 

maintain a healthy body weight, which can reduce the risk for many diseases. Previous 

research found that the top three killers in America are heart disease, cancer and stroke. 

Chronic diseases develop over time and are the cumulative effect of each eating decision 

we make in our lives.  

The health benefits of eating healthy are quite clear, but we would like to better 

understand how people incorporate health into each individual food choice. To assess 

your perception of the healthfulness of each item, you will be asked to rate the 

healthfulness of every food item you saw in the choice phase. Later in the experiment 

you will make choices between non-food items that serve as a control for the food 

choices. 

Next, you will see pairs of food items appear on the screen. On each trial, you 

must choose which item you would like to eat at the end of the experiment. After the 

experiment is finished, one of the food items you chose will be randomly selected and 

you must remain in lab and eat 1 serving that food item.  
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Please make your choices by using the left and right arrow keys (press the left 

arrow to choose the left food item and press the right arrow to choose the right food 

item). Remember, you must remain in lab and eat 1 serving of the food item you choose. 

If you have any questions, please ask the experimenter now. Otherwise, press the space 

bar to start the experiment.  

 

Taste Prime 

Thank you for choosing to participate in this experiment! Please read the 

following instructions carefully and ask the experimenter if you have any questions. 

The purpose of this study is to learn how taste affects people’s choices about the 

foods they eat. We are interested in this question because food is a central part of human 

culture, and is thought to be a source of enjoyment, passion, and fulfillment for many. 

Leading scientists at top universities across the country have found that high-taste foods 

reliably increase activity in the brain’s reward centers. This increased activity is usually 

associated with a boost in dopamine levels in the brain, and dopamine is closely tied to 

our brain’s reward processing, as well as our subjective experiences of reward. We 

would like to understand how food choice is affected by the rewarding aspects of flavor 

and taste. 

The benefits of eating flavorful foods are clear, but we would like to better 

understand how people incorporate taste into each individual food choice. To assess 

your perception of the taste of each item, you will be asked to rate the taste of every food 
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item you saw in the choice phase. Later in the experiment you will make choices 

between non-food items that serve as a control for the food choices. 

Next, you will see pairs of food items appear on the screen. On each trial, you 

must choose which item you would like to eat at the end of the experiment. After the 

experiment is finished, one of the food items you chose will be randomly selected and 

you must remain in lab and eat 1 serving of that food item.  

Please make your choices by using the left and right arrow keys (press the left 

arrow to choose the left food item and press the right arrow to choose the right food 

item). Remember, you must remain in lab and eat 1 serving of the food item you chose. 

If you have any questions, please ask the experimenter now. Otherwise, press the space 

bar to start the experiment.  

 

Neutral Prime 

Thank you for choosing to participate in this experiment! Please read the 

following instructions carefully and ask the experimenter if you have any questions. 

The purpose of this study is to learn about how people make different types of 

decisions. To assess your individual perceptions of each item, you will be asked to give 

various ratings of every item after the choice phase.  

Next, you will see pairs of food items appear on the screen. On each trial, you 

must choose which item you would like to receive at the end of the experiment. After 

the experiment is finished, one of the food items you chose will be randomly selected 

and you must remain in lab and eat 1 serving of that food item.  
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Please make your choices by using the left and right arrow keys (press the left 

arrow to choose the left food item and press the right arrow to choose the right food 

item). Remember, you must remain in lab and eat 1 serving of the food item you chose. 

If you have any questions, please ask the experimenter now. Otherwise, press the space 

bar to start the experiment. 
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