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Abstract 

In everyday environments, people encounter vast amounts of information but are limited 

in what they can realistically use in making decisions. Because acquiring information often 

requires effort, individuals may favor less demanding sources even at the expense of their 

accuracy. However, it remains unclear how effort costs and the predictive validity of information 

jointly shape information search in decision-making. This study investigates how these factors 

interact in probabilistic environments. Across two experiments, participants explored a two-

dimensional digital environment, using their mouse cursor to uncover cue information used to 

predict answers in a two-alternative forced choice task. Cue predictive validities ranged from 

50% to 100%, and effort was manipulated through cursor speed and cue distance. Experiment 1 

tested how effort costs and predictive validity influenced sampling when validities were 

explicitly presented on screen, whereas Experiment 2 required participants to learn predictive 

validities through trial and error. In both experiments, higher effort reduced sampling of less 

valid cues, while perfectly predictive (100%) cues were consistently prioritized even under 

greater effort, demonstrating a certainty effect in information search. When predictive validities 

were hidden in Experiment 2, effort exerted a stronger deterrent effect than it did when 

predictive validities were known (Experiment 1), and individual variability in exploration 

strategies increased. Analyses further indicated that participants treated perfectly predictive cues 

as categorically distinct, and the functional form of effort’s influence was similar to that of a 

delay discounting curve. Together, these findings support a cost-benefit view of information 

search, in which people weigh expected information gain against the cost of effort. Effort 

constrains information sampling, but perfectly predictive information resists the cost of effort 

much more than less predictive information.  
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Chapter 1 - Introduction 

There is a wealth of information available in the world, but most often we cannot consult 

all available information before making decisions. Information may be difficult to obtain, and the 

effort required may be prohibitive. These constraints can lead us to settle for easily available 

information, even if it may not accurately reflect the truth. You may take a coworker’s word for 

it that it is raining outside, instead of going out to check for yourself. You may take the first 

search result, or an AI-generated search summary, as a sufficient resource on a topic instead of 

going to the library and checking out a book from an expert. A timely subject given the advent of 

large language models, the impact of effort on information search has not been thoroughly 

researched. Within this dissertation, I aim to construct a paradigm in which effort and the 

validity of information can be manipulated on continuous scales, allowing us to inspect the 

relative impact of both factors on our search for and utilization of information. I will start with a 

discussion of Brunswik’s Lens Model, contextualizing information search in a probabilistic 

world. Following this context, I will discuss attention, the mechanism by which information 

enters center stage in the brain, and effort, a physical and cognitive cost. This background will 

inform the paradigm with which I will investigate effort’s impact on the information we gather in 

the world. 

The Lens Model 

Information we can gather from our environment can be considered “cues” reflective of 

the true state of the world. The degree to which a cue reflects reliable information is that cue’s 

predictive validity (Cronbach & Meehl, 1955; Little & Lewandowsky, 2012). The relationship 

between cues, the environment, and the decision maker is captured by Egon Brunswik’s Lens 

Model (see Figure 1). This model stems from Brunswik’s general outlook of Probabilistic 
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Functionalism, a branch of psychological study focusing on the goals and achievements of 

organisms within the environments they sample information from (Brunswik, 1955; Doherty & 

Kurz, 1996). Organisms cannot tap directly into the truth of the world, rather they sample 

probabilistic information, or information that has a probability or chance of reflecting the truth of 

the world. An example would be a doctor observing symptoms of an illness like coughing or 

sneezing—the illness itself is not measurable, but the symptoms are. Influenced by colleague 

Edward Tolman’s purposive behaviorism (Tolman, 1932), Brunswik crafted his Lens Model to 

illustrate achievement in a probabilistic world.  

 

Figure 1 
Brunswik’s Lens Model 

 

 

Note. Illustration adapted from Brunswik, 1955. 

 

Cues, in the center of the Lens Model, are considered proximal—they are the information 

that is within grasp of the organism. The truth of the world is distal, on the left-hand side. The 
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organism’s actions are considered the central response. Proximal cues are an organism’s only 

means of sampling the environment. The degree to which an organism samples and uses a cue in 

making a decision is cue utilization. This utilization connection is our current area of inquiry. In 

order to utilize a cue, one must first obtain its information. How does effort shape this process? 

The degree to which information cues match the distal state of the world is called 

ecological validity. Ecological validity differs from predictive validity, defined above, in that 

predictive validity instead focuses on how well a cue predicts any outcome—a cue that usually 

predicts an incorrect outcome still has high predictive validity (i.e., you can utilize that cue to 

know what not to do). A cue that does not reliably predict any outcome has little predictive 

validity. Within this study, I focus on predictive validity as the measure of how useful 

information is to the participant. Finally, achievement (or functional validity), is the resulting 

degree to which the organism’s response achieves the desired outcome—the ideal outcome if the 

organism had direct access to all possible valid information (Brunswik, 1955; Doherty & Kurz, 

1996). 

It is optimal for organisms to utilize cues that have the highest predictive validity—

assuming the best decisions can be made with the most reliable information (Doherty & Kurz, 

1996) and that all of the cues are available at the same cost. However, obtaining and using cue 

information is in itself a detailed process. I will start by defining how we get information from 

cues—through attention. 

Attention and the Search for Information 

Attended information is information that is presently being processed by the brain, the 

most active part of working memory, and what is at the forefront of our mind (Cowan, 1999, 

2017; Oberauer, 2002, 2009, 2019). Attention is our cognitive engagement with information, and 
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it is frequently matched by corresponding sensory activation, like movements of the eyes to 

focus on visual information (Just & Carpenter, 1976; Yarbus, 1967). As an example, you have 

just moved your eyes to put this sentence in the center of your vision, in order to read and 

comprehend the words and integrate them with the other concepts from this paragraph. The 

motor movement of the eyes in this case is a prerequisite for the cognitive processing of this 

visual information. 

Attention shapes what we can learn about information. Mackintosh, in his theory of 

attention, referred to an item’s associability as its capacity to be learned about. The more 

attention given to a cue, the higher its associability, that is, the more information can be learned 

about it (Mackintosh, 1975). In cue utilization, attention is the means by which information from 

proximal cues gets to the brain, shaping what information we can learn about these cues. 

Historically, attention has played a limited role in decision making research, but the 

consideration of attention in this domain has grown in recent years (Mormann & Russo, 2021; 

Orquin et al., 2021). The importance of attention in shaping cue utilization has become more 

apparent, with an increasing number of models of decision-making behavior incorporating 

attentional aspects, like the Attentional Drift Diffusion Model (Krajbich et al., 2010; Mormann & 

Russo, 2021). An important consideration to these models and our present inquiry is: what draws 

attention? 

Attention can be drawn by bottom-up, physical properties of stimuli. In the example of 

visual attention, these properties can be features like color, contrast, or motion. Features that 

stand out among others are said to be “salient” and can capture our attention without us 

consciously seeking them out (Henderson, 2007; Itti et al., 1998; Orquin et al., 2021). Attention 
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to options in decision making can also be driven by the position and size of the options, along 

with the number of options there are to choose from (Orquin et al., 2021). 

Attention can also be consciously directed through top-down processes (Baluch & Itti, 

2011; Henderson, 2007). Cognitive factors like goals and task demands can drive us to attend to 

relevant information. In the case of visual attention, this top-down influence on attention is 

reflected in measurable eye movements whose locations correlate with the cognitive processing 

at hand (Just & Carpenter, 1976; Yarbus, 1967). In decision-making research, top-down attention 

often appears in the form of us looking more at the option we ultimately choose (Mormann & 

Russo, 2021; Orquin et al., 2021). This increased attention to chosen outcomes has spurred 

debate as to whether or not attention itself increases the value of a choice. Presently, Mormann 

and colleagues have found insufficient evidence to support this point, but attention and perceived 

choice value are indeed correlated (Mormann & Russo, 2021). 

What is clear is that attention is shaped to focus on valuable information. In the case of 

proximal cues, a focus on valuable information means attention is drawn to cues that are reliably 

predictive. Predictive information is valuable for making adaptive decisions (Dall et al., 2005), 

and as such, we attend more to cues that we have learned to have high predictive validity (Le 

Pelley et al., 2011; Mackintosh, 1975). Increased attention to predictive cues speaks to the 

important implications of information search. Cues that are attended to will gain associability, 

and cues that prove to be predictive draw attention. Furthermore, this shift in attention comes at 

the cost of attention to other cues. In the case of blocking, a novel cue presented alongside a cue 

with learned predictive validity will be slow to gain associative strength, even though it is also 

predictive. The focus is already on the original predictive cue, and attention to new information 

from the second cue is suppressed (Kruschke, 2003; Mackintosh, 1975). 
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The background of attention research speaks to its importance in the everyday 

functioning of organisms. Attention can shape what we learn about the world, how adaptively we 

behave, and how we seek out future information. However, we are restricted by practical 

limitations when sampling the environment. We cannot perfectly sample all information 

available to us, as information gathering can come with costs like required effort. 

The Cost of Effort 

Attention itself can be effortful. Kahneman (1973) proposed that attention is equal to 

effort, but this claim has since been debated. Bruya and colleagues (Bruya, 2010; Bruya & Tang, 

2018) have discussed how attention can happen under sympathetic dominance, where it feels 

effortful, and parasympathetic dominance, where it feels effortless. The distinction between 

effortful and effortless attention echoes the distinction between mandatory and volitional top-

down attention from Baluch and Itti (2011), with mandatory attention being automatic and driven 

by prior knowledge (think automatically looking at the face of someone talking to you), and 

volitional attention entailing conscious direction of attention towards something task or goal 

related (think parsing faces in a crowd to find someone you are scheduled to meet with). 

Even attention that is not effortful can be shaped by effort. Wickens and colleagues’ 

SEEV model of attention suggests that visual attention is shaped by salience, what is expected, 

and what is valuable—but attention is also shaped by effort (Wickens, 2014, 2015). Effort in this 

case is broad. It can refer to eye movements themselves (eye movements are “cheap” but not 

“free”; Wickens, 2014), head movements (participants would prefer to memorize information 

than make large head movements to get the same information; Ballard et al., 1995), or other 

physical steps required to gather physical information (Wickens, 2014). The effort required to 

gather information can impact an organism’s decision to do so. Effort costs and limited 
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attentional resources means that information must be gathered in a way that maximizes value 

while limiting cost (Orquin et al., 2021; Sims, 2003). For these reasons, I will primarily focus on 

the effortful search for information, and not the more general term of attention. 

Effort itself is another broad concept that requires unpacking. Effort is largely described 

as being unpleasant (but see Inzlicht et al., 2018 for discussion on valued effort). It can be 

aversive, despite its potential to lead to positive outcomes (Kool & Botvinick, 2018; Kurzban, 

2016). The unpleasant feeling associated with effort is theorized to be due to motivational 

systems selected through evolution to guide organisms to produce adaptive behaviors, which can 

include not exerting excessive energy and not attending to information of little value (Kurzban, 

2016; Tooby & Cosmides, 2008). However, these systems do not always drive organisms in the 

direction that would ultimately be most beneficial. Such motivation systems can unfortunately 

lead to non-adaptive behaviors as described in the self-control literature, where people and 

animals choose immediate gratifications (eating junk food, sitting on the couch, procrastinating 

to watch a movie) over long-term gains (eating healthy, exercising, completing assignments; 

Hagger et al., 2010; Inzlicht & Gutsell, 2007; Kurzban, 2016). Effort can be both physical 

(Lewis, 1964; Mitchell, 2017) as well as cognitive with increased subjective mental activity 

(Botvinick et al., 2009; Kool & Botvinick, 2014, 2018; Mitchell, 2017). Even when cognitive 

effort is beneficial, like higher germane cognitive load leading to enhanced learning (an example 

being learning more through taking tests compared to reading), it is still characterized by an 

unpleasant feeling (Paas et al., 2010; Roediger & Karpicke, 2006; Wickens, 2014). 

Alongside unpleasant subjective experience, effort has been theorized to be costly due to 

potential energy costs. Kahneman suggested that effort takes energy from a limited store, like 

metabolic energy. Cognitive effort and attention would therefore be a type of metabolic 
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expenditure in the brain (Bruya & Tang, 2018; Kahneman, 1973). Cognitive effort in particular 

could also take from some capacity for calculation and information processing, like working 

memory capacity (Anderson, 2013; Baddeley, 2007; Engle, 2002; Kool & Botvinick, 2018; 

Shenhav et al., 2017). Energy cost and mental resource hypotheses have been heavily debated, 

with a hearty amount of research arguing against both (Beedie & Lane, 2012; Carter et al., 2015; 

Kool & Botvinick, 2018; Kurzban, 2010, 2016; Orquin & Kurzban, 2016). Energy costs are 

easier to identify for physical effort and exertion (Summerside & Ahmed, 2021), but cognitive 

effort being tied to the utilization of a limited resource is still up for debate.  

Kurzban suggests that the feeling of something being effortful might instead have more 

to do with the choices we make than an objective resource depletion. Effort is most often 

confounded with time (Białaszek et al., 2017; Kurniawan et al., 2010). Because effortful tasks 

take time, they come with an opportunity cost—when you do one task, you are missing out on 

doing other tasks that could potentially be more rewarding (Kurzban, 2016; Kurzban et al., 

2013), especially if those tasks are not ones that can be completed in tandem (Wickens, 2014). 

When effortful tasks are pitted against less effortful alternatives with more immediate rewards, 

the opportunity cost could therefore lead to an aversive feeling towards continued effort exertion. 

Researchers like Kurzban state that opportunity costs are the primary cost of effort. 

The choice to make an effort is similar to the choice between exploration and 

exploitation—seeking out new options to maximize future benefits, versus deriving maximum 

benefits from known sources (Cohen et al., 2007; Hills et al., 2015; Mehlhorn et al., 2015). 

Exploration and exploitation appear in the animal behavior literature through choices to exploit 

the present environment for resources, or to physically explore other regions for potential gain 

(Bautista et al., 2001; Kurniawan et al., 2010; MacArthur & Pianka, 1966). The choice of staying 
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where one is versus venturing to other options also applies to information search and attention. 

Attention can be centered on one cue, alternative, or topic, or attention can be broadened to other 

alternatives (Bruya & Tang, 2018; Kool & Botvinick, 2018; Wilson et al., 2014). Similar to the 

discussion of opportunity costs, Kool et al. suggest that the cost of effort might come from an 

evolutionary bias that rewards exploration (Inzlicht & Schmeichel, 2016; Kool & Botvinick, 

2018; Schouppe et al., 2014). 

Effort Shaping Decisions 

Regardless of the origin, effort shapes the decisions we make (Białaszek et al., 2017; 

Kool & Botvinick, 2018; Kurniawan et al., 2010). The cost of effort is factored into a 

cost/benefit analysis for taking action (Kool & Botvinick, 2018). We generally like to minimize 

the effort we exert. The Law of Less Work from behaviorism suggests that, if two behaviors are 

equally reinforced but differ in their effort requirement, people and animals will choose the less 

effortful option (Hull, 1943; Mitchell, 2017). Behavioral economics has found that if the effort 

cost is too high, people will choose leisure instead (Kool & Botvinick, 2014; Kurzban, 2016).  

One way effort shapes decisions is through our usage of heuristics. Heuristics are mental 

shortcuts that reduce the cognitive effort in decision-making (Shah & Oppenheimer, 2008; 

Tversky & Kahneman, 1974). Shah and Oppenheimer define an effort-reduction framework, 

describing how these mental shortcuts reduce or eliminate steps needed to make a decision (Shah 

& Oppenheimer, 2008). An example effortful decision-making algorithm is the weighted 

additive rule where all alternatives and/or cues are considered, weighted, and then evaluated for 

their value (J. W. Payne, 1993; Shah & Oppenheimer, 2008). Shah and Oppenheimer define how 

heuristics make this process easier. Organisms can, for example, examine fewer cues, integrate 

less information, and simplify how the cues are weighted. Tversky and Kahneman identify three 
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common heuristics used in assessing the probability of an outcome. People may estimate 

probability based on how close an event is to a typical case or stereotype (representativeness 

heuristic), based on how easily examples come to mind (availability heuristic), or based in initial 

information that skews judgements (anchoring heuristic; Tversky & Kahneman, 1974). These 

shortcuts are frequently, and unconsciously, implemented in order to save on the effort costs of 

making a multitude of decisions in our daily lives. 

Decisions made in the face of costs are studied through discounting. Particularly, rewards 

can be devalued, or discounted, by having to wait for them (delay or temporal discounting; 

Green & Myerson, 2004; G. F. Loewenstein, 1988; Rachlin et al., 1991), having to work for 

them (effort discounting; Białaszek et al., 2017; Mitchell, 1999, 2017; Sugiwaka & Okouchi, 

2004) or having them be uncertain (probability discounting; Green & Myerson, 2004; Rachlin et 

al., 1991). Delay and probability discounting have been heavily researched in psychology, 

behavioral economics, neuroeconomics, and biology. However, research in effort discounting is 

growing (Białaszek et al., 2017; Mitchell, 2017). Discounting is formally studied by presenting 

participants with options that vary in magnitude as well as the variable of interest (delay, effort, 

or probability). Through this method, researchers can identify the point in which a smaller 

magnitude option is considered indifferent from a larger magnitude option plus the additional 

cost of the measured variable. In the example of delay discounting, a smaller reward may be 

chosen if it is available sooner, versus a larger reward that is available after a notable period of 

time.  

For effort discounting, a participant may forgo a larger reward if a smaller reward can be 

obtained without as much physical or cognitive effort (Kool & Botvinick, 2018; Kurniawan et 

al., 2010; Mitchell, 2017). Effort used in human effort discounting studies has largely been 
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hypothetical (Mitchell, 2017). The most frequent implementation of experienced effort in effort 

discounting studies is in the form of a sample of effort only at the beginning of an experiment. 

Participants may experience an example of an effortful task, and then they may be asked to make 

hypothetical choices based on their memory of how effortful the example was. Such samples of 

effort have included physical effort of squeezing hand grips (Białaszek et al., 2017; Mitchell, 

1999) and cognitive effort of task switching and N-back tasks with different values of N 

(Botvinick et al., 2009; Westbrook & Braver, 2015). Importantly, however, hypothetical or 

partially hypothetical effort discounting tasks may have results that differ from tasks where 

participants fully and repeatedly experience the effort of each choice (Mitchell, 2017). 

The Impact of Effort on the Search for Information 

How might effort discount the value of information cues? It is reasonable to anticipate 

information to be susceptible to the same discounting effects that can reduce the value of other 

choice targets. However, the discounting of information may be reduced by our strong desire for 

certainty, an effect that has been found in probability discounting studies and may also apply to 

the search for valid information 

When choosing between options, people will overweight options that are certain and 

underweight those that are not (Kahneman & Tversky, 1979; Tversky & Kahneman, 1992). 

Certainty can even take priority over reward magnitude. Work by Young and colleagues showed 

that participants were dramatically more likely to wait for rewards that had higher probabilities 

of occurring than those of higher magnitude (Webb & Young, 2015) and participants were more 

likely to wait for certainty of a reward to increase, even when the magnitude of that reward 

decreased (Young et al., 2014). Similar to these effects found in probability discounting studies, 

it is possible that information with higher predictive validity (a higher probability of reflecting 
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the accurate state of the environment, shaping decisions leading to reward) will be overweighted, 

even if it is more effortful to obtain.  

A certainty effect in the search for information could result in participants using a 

maximizing strategy, where participants always go to the most valid cue of the available options 

(Little & Lewandowsky, 2012; Simon, 1955, 1956; White & Koehler, 2007). Another possible 

strategy is probability matching, where participants respond by choosing options proportionally 

to their payoff probabilities. An option with 70% probability (or in the case of information 

search, predictive validity) may be chosen 70% of the time (Herrnstein, 1961; Little & 

Lewandowsky, 2012). Probability matching is the more common behavior in human decision 

making, even when not the most optimal strategy. However, probability matching is not as 

common of a strategy as maximizing in studies where participants choose between predictive 

cues (White & Koehler, 2007), indicating a potential larger desire for more valid information. A 

maximizing strategy could be exacerbated by our attention being drawn to predictive cues, to the 

detriment of non-predictive cues (Le Pelley et al., 2011; Mackintosh, 1975). Cue utilization can, 

however, be diminished through manipulations like time pressure (Rothstein, 1986), leading to 

the implementation of heuristics like relying on fewer cues. 

The impact of an effort manipulation may differ from effects seen in delay and 

probability discounting studies, as the shape of the effort discounting curve has been noted to 

differ. There has been debate on the function that best captures the shape of the effort 

discounting curve, but most studies have found it to be concave (for both physical and cognitive 

effort), compared to the convex curves for both delay and probability discounting (see Figure 2 

for comparison; Białaszek et al., 2017; Klein-Flügge et al., 2015; Mitchell, 2017). This shape is 

important to consider, as it defines when increasing effort begins to devalue options. In the 
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convex shapes of delay and probability discounting (most frequently modeled with a hyperbolic 

function), rewards are devalued at the highest rate early on, when delay is first introduced or 

when probability first begins to drop. In contrast, the concave shapes seen in effort discounting 

curves (fit to a variety of models with no conclusive best option, including power [Białaszek et 

al., 2017; Hartmann et al., 2013], exponential [Białaszek et al., 2017], and hyperbolic [Białaszek 

et al., 2017; Sugiwaka & Okouchi, 2004]) show the highest rate of devaluation occurring 

towards the end of the measured range of effort. If more effort is already being expended, 

additional effort appears to have a greater impact (Białaszek et al., 2017; Kool & Botvinick, 

2018). Klein-Flugge et al. suggest this shape to be due to the low energy cost of low effort, with 

effort only becoming a burden when it has passed a threshold at which it is too much to bear 

(Białaszek et al., 2017; Klein-Flügge et al., 2015). 

Figure 2 
Effort and Delay Discounting Curves 

 

Note. Left: example effort discounting curves, adapted from Białaszek et al., 2017. Right: 

example delay discounting curves, adapted from Gray & MacKillop, 2015. 

 

In this dissertation, I sought to elucidate the effect effort can have in shaping information 

search. Information has high value, with broad implications for what we learn (Just & Carpenter, 



14 

1976; Yarbus, 1967) and the information we seek out in the future (Le Pelley et al., 2011; 

Mackintosh, 1975). How the human mind handles hurdles in the search for information requires 

further study. I had three sets of hypotheses for this study. The first set (Hypotheses 1A, the 

Effort Dominance Hypothesis, and 1B, the Predictive Validity Dominance Hypothesis) addresses 

which competing factors may or may not have an effect on the search for information. 

Hypothesis 1A, the Effort Dominance Hypothesis: An increase in effort may discount the 

value of information cues, leading participants to seek out less effortful cues even when they 

have a lower predictive validity than more effortful cues. This hypothesis is suggested by the 

cost of effort that has shown to shape behavior in humans (Białaszek et al., 2017; Hull, 1943; 

Kool & Botvinick, 2014, 2018; Kurniawan et al., 2010), including shaping the decisions made in 

effort discounting studies (Białaszek et al., 2017; Mitchell, 2017). 

Hypothesis 1B, the Predictive Validity Dominance Hypothesis: It is also possible that our 

need for certainty drives us to seek out the information most predictive of the true state of the 

world, even at higher effort costs. This hypothesis would be suggested by high value of 

predictive information in making decisions (Dall et al., 2005), our attention system being shaped 

to focus on predictive cues (Le Pelley et al., 2011; Mackintosh, 1975), the certainty effect seen in 

probability discounting studies (Kahneman & Tversky, 1979; Tversky & Kahneman, 1992; 

Webb & Young, 2015; Young et al., 2014), and the maximizing strategy (opting for the best 

available choice) found to be used more frequently by humans in studies where subjects choose 

between predictive cues (White & Koehler, 2007). 

Importantly, Hypotheses 1A and 1B are not entirely mutually exclusive. It is possible that 

both of these effects may impact the search for information as the cost of effort and cue 

predictive validities change in our environment. This study will examine the degree to which 
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both factors of effort and predictive validity shape information search, and how the effect of 

these factors may change in different scenarios. 

The second set of hypotheses (2A, the Effort Shaping Cue Learning Hypothesis, and 2B, 

the Learning Similarly Despite Effort Hypothesis) apply to a particular method by which effort 

may shape the search for information—by altering which information is learned about and 

subsequently attended to. 

Hypothesis 2A, the Effort Shaping Cue Learning Hypothesis: Effort will have a larger 

effect, and predictive validity will have a smaller effect when the cue predictive validities must 

be learned over time. Given that attention is drawn to cues with a high predictive validity and 

attention shapes what we can learn about cues (Le Pelley et al., 2011; Mackintosh, 1975), cue 

visits early on in the task will shape future cue visits, potentially to the detriment of cues that are 

not immediately identified as having a high predictive validity. In this way, effort may shape 

what is learned about the information landscape, resulting in a stronger impact on which cues are 

visited. This hypothesis is also consistent with findings from the description-experience gap in 

risky choice. When people learn outcome contingencies through sampling, limited and uneven 

exposure leads to systematic distortions in what is learned (Hertwig & Erev, 2009). Analogously, 

in this task, effort may constrain sampling of cues, amplifying early attentional biases and 

reducing the effective influence of predictive validity. 

Hypothesis 2B, the Learning Similarly Despite Effort Hypothesis: It is possible that effort 

and predictive validity might have similar effects when predictive validities must be learned and 

when they are given to participants. This would be most likely to occur alongside Hypothesis 1B, 

the Predictive Validity Dominance Hypothesis, where the need for certainty drives behavior. If 

effort does not inhibit cue visits early on in learning the predictive validities, it can be anticipated 
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that participants will learn accurate (or close-to-accurate) predictive validities for each cue and 

allocate their cue visits accordingly. 

The third set of hypotheses (3A, the Largest Discounting Late Hypothesis, and 3B, the 

Largest Discounting Early Hypothesis) regards the shape of effort’s discounting effect on the 

search for information. While the functional form of effort’s discounting effect is still debated 

(Białaszek et al., 2017; Mitchell, 2017), it is important to investigate how varying degrees of 

effort may shape the value of our variable of interest in this study, and one that has not been 

examined with an effort manipulation before: information search. 

 Hypothesis 3A, the Largest Discounting Late Hypothesis: The shape of effort’s effect on 

information search will be concave. This would match the shape found for some other effort 

discounting studies (Białaszek et al., 2017; Klein-Flügge et al., 2015; Mitchell, 2017), where the 

highest rate of devaluation occurs at higher values of effort. This hypothesis would imply that 

effort would not devalue information search much until effort levels are high, at which point 

devaluation happens more rapidly. 

 Hypothesis 3B, the Largest Discounting Early Hypothesis: The shape of effort’s effect on 

information search will be convex. This would match what has been found in previous 

probability and delay discounting studies (Green & Myerson, 2004; Rachlin et al., 1991), where 

the highest rate of devaluation occurs at the lower values of the manipulation. In this study, a 

convex shape of the effort function would mean that the presence of effort immediately devalues 

the search for information, and increasing levels of effort does not increase this rate of 

devaluation by much. 

In consideration of these three sets of hypotheses, this study used two experiments to 

examine the effect of effort’s discounting of information, alongside comparing the relative 
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impact of effort and predictive validity when predictive validity is known and when predictive 

validity must be learned. 
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Chapter 2 - Methods 

Paradigm 

Here I have constructed a paradigm that captures the probabilistic nature of the real 

world, while being easy for other researchers to use for their own research and replication. 

Representative design, championed by Egon Brunswik (Brunswik, 1955), emphasizes the 

importance of experiments capturing the ecological variations that shape our decisions. Here, I 

have implemented representative design through an experience-based decision making (EBDM) 

task. I varied both effort and predictive validity on continuous scales, and participants 

experienced real effort required to obtain the information cues. The latter is especially important, 

given the potential that real and hypothetical effort tasks may result in different discounting 

functions (Mitchell, 2017). 

 The paradigm is an alteration of a Multiple Cue Probability Learning (MCPL) task. In 

MCPL, cues are presented that vary in how well they predict an outcome. Participants can 

choose which cues and how many to use in answering what they believe an outcome will be. 

Through this method, researchers can study how well people learn and use probabilistic cues 

(Little & Lewandowsky, 2012). The primary changes to this paradigm for this study were the 

implementation of an effort manipulation and a measure of which cues are sought out and 

attended to. 

 Both the effort manipulation and the measure of attention were addressed through the use 

of a Mouse-Contingent Bi-Resolution Display. This method blurs the participant’s screen, all 

except for a high-resolution window that is centered on the participant’s computer mouse 

location. To unveil content on the screen, the participant needed to move their mouse to that 

location, providing an approximation of participant eye movements and a measure of which 
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content has been revealed. This methodology matches that from Payne (2023) and stems from 

the work of Anwyl-Irvine et al. (2021), Blackwell et al. (2000), Jiang et al. (2015), Jones and 

Mewhort (2004), and Kim et al. (2017). 

 On each trial, participants were presented with four visual cues that gave information that 

could be used to answer a question in the center of the screen: is the correct answer “up” or 

“down?” Each cue circle contained an arrow pointing either up or down (see Figure 3A). With 

the start of each trial, the participant only saw the blurred display shown in Figure 3B. The 

participant needed to move the clear window over to each cue in order to unblur it and identify 

its information. 
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Figure 3 

General Experiment Display Design 

 

A.              B. 

Note. A. The underlying design of the experiment, with four cues providing information to aid in 

making the decision at the center of the screen. Participants only saw the blurred screen, shown 

in B, and cue information was unveiled by moving the clear mouse cursor window over to the 

cue location. 

 

These cues and the correct answer varied on each trial as they would in a MCPL task 

(Little & Lewandowsky, 2012; White & Koehler, 2007), with each cue having a predetermined 

predictive validity between 50% and 100% experienced over the course of one block of trials. 

 The required effort to get the cue information was manipulated in two ways. A global 

effort variable was changed by altering the speed of the mouse cursor. The slower the mouse 

cursor relative to the participant’s average mouse speed, the more tangibly effortful the mouse 

movements became. Participants could have chosen to move their mouse with more forceful, 

faster hand movements to cover a similar amount of ground per unit time to maintain their 

average movement speed, or they could have settled for the slower journey to the cue 
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information. As with other effortful tasks, this mouse movement task is one that can coincide 

with delay. However, effortful tasks requiring more time to complete is a common, ecologically 

valid experience (Białaszek et al., 2017; Kurniawan et al., 2010). More physical exertion could 

get the task done faster, but a slower, less exertive task can still be perceived as “effortful,” likely 

attributable to the opportunity cost of the task inducing a feeling of effort (Kurzban, 2016). In 

this way, this effort manipulation is akin to pushing a heavy box vs. a light box. A heavy box can 

be pushed as quickly as a light box, but a more forceful push is required. 

 The local effort manipulation, a variable that could be changed for each individual cue, 

was the cue’s location relative to the center of the screen. As seen in Figure 3, some cues 

appeared closer to the center of the screen, while others were farther away. This distance 

manipulation resulted in some cues being easier to obtain while others required more work. This 

effect is compounded by the global effort manipulation, resulting in an overall effort term of the 

distance from the center of the screen (in units relative to the screen height) divided by the 

mouse speed coefficient. 

The experiment display was presented at a size proportional to the participant’s screen 

size, with each cue circle presented with a diameter of 11% of the screen height, and the clear 

window presented with a diameter 5% of the screen height (when the clear window fully entered 

the cue circle, the cue information in the center of the circle was visible). The blur level was set 

using guidance from Blackwell et al. (2000), Jones and Mewhort (2004), and Kim et al. (2017) to 

reach a level that obscured the task-relevant information. This level is a proportion of the 

participant’s screen height tested to obscure the cue content on all screen sizes (a Gaussian blur 

with a radius of screen height / 65). This proportional design does not require the strict 

experimental setup used to match blur levels to the participants’ visual periphery in Payne 
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(2023). Rather, this design was task driven. The speed of the participants’ mouse movements 

was similarly proportional to their normal mouse speed, with the effortful condition reducing 

speed down to as much as 20% of its original speed. Information on screen sizes and mouse 

speeds was collected from the participants but was considered systemic heterogenization, or 

controlled variation allowed in the experimental design (von Kortzfleisch & Richter, 2024). 

These variables could be used in later exploratory analyses but were not the primary variables of 

interest in this study. Allowing for the variance in participants’ laptop and desktop setups was a 

purposeful choice, to allow for easier implementation and replication of this paradigm by other 

researchers. 

Participants 

 This study was conducted online, in order to recruit a large and diverse participant pool, 

alongside testing the methodology for easy online replication and further study by other labs. A 

power analysis was run using data from the first 30 participants from Experiment 1, using the 

mixedpower R package by Kumle et al. (2021). This package uses simulation techniques to 

perform power analyses for generalized linear mixed effects models. A-priori power analyses are 

a recommended method for determining the sample size required to achieve a desired error rate 

for effect sizes (with 0.05 as a common baseline, accepting a 5% chance of Type I error; Lakens, 

2022). Simulation-based methods are recommended for complex models like the mixed effects 

models used in this study (Kumle et al., 2021). This power analysis suggested a sample of 30 

subjects to be sufficiently powered for all tested effects and interactions in Experiment 1 (power 

>95% for all), using a model with random intercept effects for each participant. With the 

expectation that the effort effect would be stronger in Experiment 2, a target sample size of 30 

was chosen for Experiment 2 as well.  
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General Task Procedure 

 The study was constructed to minimize potential confusion and disinterest from online 

participants. Following the recommendations from Rodd (2024), task instructions were detailed 

with example images from the task, alongside information about the importance of the task and 

the engagement expectations prior to the start of the experiment. The interactivity and game-like 

nature of the task was also chosen to motivate participants (Rodd describes entertainment and 

game-based tasks as positively influencing participant recruitment and engagement during a 

study; Rodd, 2024). 

The size of the displayed screen was recorded throughout the experiment, to ensure the 

full-screen window of the study was not minimized. Four participants who left the full-screen 

window had their data removed from analysis (one participant from Experiment 1, and three 

participants from Experiment 2). I additionally checked participant activity through the recorded 

x-y coordinates of mouse movements, to remove trials if participants displayed excessive 

inactivity (Rodd, 2024). This task allowed participants to take short breaks between blocks. 

Inactivity greater than 2 min during an active trial was deemed as the “inactive” cutoff. No 

participant’s data needed to be removed for this reason. 

 Participants were recruited from Prolific, an online participant recruitment platform with 

a good reputation for having engaged participants who provide high-quality data in measured 

attention, comprehension, and honesty (Peer et al., 2021). Participants were compensated for 

their time at a rate of $10 per hour. The procedure and compensation were evaluated and 

approved by Kansas State University’s Institutional Review Board. To complete this study, 

participants were required to use a laptop or desktop computer. 
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 From Prolific, recruited participants were first given a link to a Qualtrics page with the 

informed consent information, study description, and basic demographic questions (age and sex). 

Following the Qualtrics page, participants were directed to the online JavaScript experiment 

created with PsychoPy on Pavlovia.org (Peirce et al., 2019). Participants were instructed to not 

exit the full-screen experiment window during the experiment.  

 The Pavlovia experiment first presented participants with detailed instructions and 

illustrations. After this, participants moved to a practice block where they learned to visit the 

cues with the clear window in order to identify their predictive validities and use this information 

to make decisions in the center of the screen. The practice trials repeated until the participant was 

trained to a criterion of selecting the correct answer three times in a row. 

 Each trial presented cues with predetermined predictive validities (implemented with the 

cues being correct that percentage of the time, but the cue correct/incorrect order being 

randomized). The number of trials and any other unique procedure information will be described 

under the headers for Experiments 1 and 2. To encourage effortful responding, incorrect 

responses were penalized with a 2 s inter-trial interval (ITI). 

After completing the task, participants were directed to a Qualtrics survey to be debriefed 

and to answer survey questions about their computer usage and hardware setup (recommended as 

per Rodd, 2024, to detect any potential issues in experiment deployment). These questions 

included rating their experience with computer-based video games, rated on a scale from 0 (no 

experience) to 5 (extensive experience). Participants were also asked if they used a laptop or 

desktop and were asked to identify their operating system and internet browser. Finally, 

participants were invited to share any issues they may have faced through the study, whether or 

not they were confused by any of the instructions, and whether they had feedback regarding their 
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participation in the study. Four participants reported technical issues (three in Experiment 1, and 

one in Experiment 2) and were removed. 

Experiment Procedure 

Experiment 1 

 Experiment 1 presented participants with the four-cue paradigm illustrated in Figure 3, 

but with cue predictive validity percentages overlaid on top of the blur layer (visible without 

requiring mouse movements) as shown in Figure 4. Presenting the cue predictive validity 

percentages allowed investigation of the effect of effort on information search without the 

additional step of participants needing to learn the predictive validity of each cue (this learning 

may itself be shaped by the effort manipulation—this possibility is explored in Experiment 2). 

This simplification also served as a baseline measure of the strength of the effort manipulation. 
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Figure 4 

Experiment 1 Display with Visible Cue Predictive Validities 

 
 

Participants experienced 270 trials, based on an estimate of 10 s per trial, comprising 45 

min of experiment trial time, leaving 15 min for instructions, practice trials, end survey, and 

debriefing. These time estimates and other paradigm choices were derived from early proof-of-

concept pilot studies, the details of which can be viewed in Appendix A. Cue predictive 

validities on each trial were randomly selected from 50% (a non-informative cue), 67%, 83%, 

and 100% (a maximally-informative cue), such that 45 trials were allocated to each of the 6 

possible combinations of the four predictive validity values assigned to near or far cues 

(randomizing between up/down for near cues and left/right for far cues). The global effort on 

each trial was randomly selected from 100% speed (the participant’s standard mouse speed, little 

effort), 80% speed, and 20% speed (highest effort), sampling two values on the lower end of 

effort to provide a better spread of values of combined effort terms when we incorporate the 

compounding effect of the local effort manipulation (see Table 1). The local effort manipulation 
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(cue location) stayed static throughout this experiment, with two cues close to the center (at a 

distance of 60% of the screen height), and two cues far from the center (at a distance of 150% of 

the screen height). This cue location design ensured that the “near” cues were always closer than 

the “far” cues, from any cue location on the screen. The resulting combined effort terms for the 

global and local effort manipulations are featured in Table 1. Of the 45 trials for each of the 6 

cue configurations, 15 were experienced under each of three different mouse cursor speeds. The 

order in which these cue configurations and mouse cursor speeds were encountered was 

randomized for each participant. Participants were instructed that they may view as many or as 

few cues as they would like on each trial. 

 

Table 1 
Global and local effort settings, and the resulting combined effort terms 

Mouse speed  
(percent of normal 

speed) 

Cue distance from center of 
screen  

(percent of screen height) 

Combined effort term  
(mouse speed / 

distance) 
100   60 1.67 
100 150 0.67 
80   60 1.33 
80 150 0.53 
20   60 0.33 
20 150 0.13 

Note. Smaller combined effort term values correspond to higher effort 
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Experiment 2 

 Experiment 2 followed the general procedure from Experiment 1 but removed the cue 

predictive validity numbers from the display. Removing the visible predictive validities allowed 

the measurement of the relative effects of effort and predictive validity on information search 

when predictive validity needed to be learned through gathering cue information. As attention to 

cues shapes their associability, or potential to be learned about (Le Pelley et al., 2011; 

Mackintosh, 1975), higher effort in early trials could prevent participants from learning the value 

of high predictive validity cues. This experimental design is more ecologically valid, but the 

effects of effort and predictive validity are harder to ascertain in a one-hour experiment if 

participants must learn through trial and error. 

Participants experienced 6 blocks of 45 trials each (anticipating up to 10 s per trial, 

comprising 45 min of experiment trial time, leaving 15 min for instructions, practice trials, end 

survey, and debriefing). Cue predictive validities on each trial were randomly selected from 50% 

(a non-informative cue), 67%, 83%, and 100% (a maximally informative cue), such that each 

block had a different combination of cue predictive validities to cue distances (near or far). The 

global effort in each block was randomly selected from 100% speed (the participant’s standard 

mouse speed, little effort), 80% speed, and 20% speed (highest effort), such that each participant 

experienced two blocks of each of the three speeds. The predictive validity cue configurations (6 

different possibilities) and the speed allocations to each block (3 different speed possibilities) 

were randomly assigned to each participant such that each combination was experienced at least 

once by one participant. 

When a new block began, participants were informed with a message announcing the 

beginning of a new block and reminding participants that cue reliabilities may have changed. 
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Colored circles around the cues also changed in color to highlight the fact that the cues were new 

cues in a new scenario. This color change was designed to minimize confusion between cues and 

any bias against cues that were previously non-predictive in the preceding block (Le Pelley et al., 

2011; Mackintosh, 1975). 

 Data Analysis 

The primary goal of data analysis for this study is to estimate the relative effects that 

effort and predictive validity have on the search for information. To obtain these values, I used a 

multilevel logistic regression with effort and predictive validity predicting the outcome variable 

of whether or not a participant visited a particular cue on a trial (coded as a 1 for a visited cue, 

and a 0 for a non-visited cue). This methodology comes from Wileyto et al. (2004) and Young 

(2018) as an adaptation of a logistic regression method of analyzing discounting data. 

Discounting data (from delay, probability, and effort discounting) are traditionally 

analyzed by gathering indifference points—points where participants are indifferent towards 

receiving a smaller immediate reward or a larger delayed reward (Białaszek et al., 2017; Kool & 

Botvinick, 2018; Mitchell, 2017; Wileyto et al., 2004; Young, 2018). A nonlinear regression is 

used to fit a function to these indifference points—commonly the hyperbolic (Rachlin et al., 

1991) or hyperboloid (Green & Myerson, 2004) discounting functions—and the value of the 

discounting rate k is derived from this function. Higher values of k indicate a stronger preference 

for immediate (or more probable, or less effortful) rewards. Wileyto et al. (2004) and Young 

(2018) describe how this discounting value can also be obtained through the use of a logistic 

regression. 

The logistic regressions described by Wileyto et al. (2004) and Young (2018) for delay 

discounting predict binary choice data from two main effects: a magnitude ratio factor and a 
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delay ratio factor (with no intercept value β0 in the equation, because the predicted choice with 

no effect of magnitude or delay should be 0.5, or chance). In Wileyto et al. (2004), the magnitude 

ratio factor is 1 – (magnitude of Larger Later option / magnitude of Smaller Sooner option) and 

the delay ratio factor is simply the delay to the Larger Later option because the delay to the 

smaller sooner option is 0. Young recommends transforming this factor to ln(magnitude of 

Larger Later / magnitude of Smaller Sooner) and the delay ratio factor to ln(delay of LL + 1) to 

address participants’ logarithmic sensitivity to these factors as anticipated from psychophysics 

research (Fechner, 1948; Young, 2018). A log transform linearizes the relationship between the 

predictor and log-odds outcome probabilities prior to running the regression (meeting an 

assumption of logistic regression, see Harris, 2021 and Stoltzfus, 2011). The discounting 

parameter k can be estimated as the regression weights (or the participants’ sensitivity) for the 

effect of delay divided by that of the effect for magnitude. However, in this study I will be 

evaluating the individual effects of magnitude and delay, and the credible intervals for these 

estimates. The ability to examine these two effects independently is important, as similar k 

values can come from different combinations of sensitivities to magnitude and delay (e.g., a 

participant may have a high k value because they are very sensitive to delay, or not sensitive at 

all to magnitude). This analysis thus addresses an existing problem in the analysis of effort 

discounting data—Kool and Botvinick (2018) mention the difficulty in finding the best 

discounting function for effort because individuals have unique capacities for effort and unique 

reward sensitivities (later, I will touch more on individual differences). 

I use this methodology with slight adjustments to fit this paradigm. The core of the 

analysis is a comparison of the main effects of delay and magnitude. Here, I replace these main 

effects with the variables of effort and predictive validity. The effort and predictive validity of 
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each cue on each trial are recorded, alongside the participant response of whether they visited 

that cue within the trial (coded as a 1) or they did not visit that cue (coded as a 0). This provides 

a holistic look at the effect of effort and predictive validity on cue-based decisions on a per-trial 

basis, without the added complexity of reevaluating information gain from individual cues and 

relative effort with each cue visit. Because multiple cues can be visited in a single trial, and I am 

not evaluating step-by-step cue visit choices but rather the end results of the trial (each cue 

visited or not), effort and predictive validity will not be entered as ratio terms but rather each 

cue’s individual pre-set parameters for effort and predictive validity (the effort term being the 

distance of that cue from the center of the screen divided by the mouse speed coefficient—to 

view visualizations of the raw data separated by distance and speed, see Appendix B for 

Experiment 1 and K for Experiment 2). The relative effects of effort and predictive validity will 

be used to address Hypotheses 1A and 1B. 

The predictor variables in this study are log-transformed before they are entered into the 

regression, as was done in Young (2018), although other transformations are explored 

particularly for the effort variable to see what best fits the data prior to analysis. Effort 

discounting curves (see Figure 2) suggest a different type of sensitivity to effort, which could 

influence which transformation linearizes the relationship between this predictor and the log-

odds outcome variable. This possibility is explored in preparing the effort predictor variable for 

analysis, and the resulting functional form identified for effort addresses Hypotheses 3A and 3B. 

These effects are also compared between Experiments 1 and 2, in addressing Hypotheses 2A and 

2B. 

Differing from Wileyto et al. (2004) and Young (2018), this model has an intercept 

parameter, as this paradigm is new and we cannot assume that the predicted likelihood of 
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viewing a cue is 0.5 (50/50 chance) when the predictor terms are equal to zero. Because the 

predictors are log transformed, a value of 1 is added to the predictors before transformation to 

avoid taking the log of zero (which is undefined). The variable of “trial” is also added as a main 

effect and interaction term, in order to evaluate the potential for the effects of effort or predictive 

validity to vary over the course of the experiment (further addressing Hypotheses 1A and 1B). 

Experiment 2 has an additional predictor of “block,” to address variability in the data that could 

come from the trials being separated into blocks of 45 trials, over which participants learn one 

set of cue validities. 

 With this study having a within-subjects design, data gathered from one participant is not 

independent from other data gathered from that same participant. Multilevel modeling is used to 

handle this non-independence in the data (Brauer & Curtin, 2018; Matuschek et al., 2017). Not 

accounting for this non-independence can lead to inflated type I error rates, or false positives in 

results (Brauer & Curtin, 2018). In a multilevel model, the variable of “participant” is included 

as a random effect, as it is a variable under which other results are nested. Random effects can 

include intercepts and random slope effects. A random intercept for participant would allow each 

subjects’ intercept value (when all predictors are set to zero) to differ, while a slope effect for 

participant would allow the slope of one of the main effects to vary across participants. The 

definition of the random effects structure is important. Too simple of a random effects structure 

can lead to inflated Type I error, but too complicated of a random effects structure can lead to a 

decrease in statistical power. Matuschek et al. (2017) advocate for the use of model selection 

strategies to identify the model best supported by the data. In this case, AIC values (Akaike, 

1974) were used for model selection. I chose AIC over BIC (Schwarz, 1978) because BIC has a 

stronger penalty for complex models, resulting in a choice that is less likely to be an overfit 
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model, but more likely to be an underfit model (Vrieze, 2012). In this study, each random effect 

tested has theoretical backing (individual differences in effort discounting [Kool & Botvinick, 

2018] and sensitivity to predictive validity [White & Koehler, 2007], as well as individual 

differences in sensitivity to the duration of the experiment and the potential to want easier “rest” 

trials at different points in time [Mitchell, 2017]), so the less conservative AIC is more likely to 

capture real effects.  

The maximal model that was investigated is as follows in R syntax (Equation 1; Note: 

effort may not be log transformed, as effort’s functional form may be better linearized by a 

different transform. These possibilities were explored for model fit as well as addressing 

Hypotheses 3A and 3B): 

 

Model <– glmer(visited ~ log(Effort + 1) × log(PV + 1) × Trial +                         (1) 

(log(Effort+1) × log(PV+1) × Trial | Participant) 

 

Alternative models run for model comparison with AIC included those removing 

variations of the random slope effects, random intercept effects, and interactions in the random 

effects structure. In cases where the maximal model does not converge, Bayesian modeling 

methods were used and compared with WAIC values, an analogous method to AIC for Bayesian 

models (Vehtari, Gelman & Gabry, 2017). 

All analyses were run in R (version 4.4.2). Frequentist multilevel models were run using 

the lme4 library (Bates et al., 2015) with the emmeans library (Lenth, 2019) for calculating 

estimated marginal means and conducting post-hoc tests. Bayesian models were run using the 

brms package (Burkner, 2017), and emmeans was similarly used for contrast tests on any 

Bayesian models. Effect sizes in all Bayesian models were determined using directional Bayes 



34 

Factors (BF; Makowski et al., 2019). A Bayes Factor of 20 or greater indicates strong evidence 

for the tested effect (Jarosz & Wiley, 2014). 
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Chapter 3 - Results 

Experiment 1 

Sample Demographics 

 Experiment 1 originally recruited 35 participants. Of these, three were removed for 

reporting technical issues or issues with data saving, and one was removed for the possibility of 

exiting the full-screen window during the study (reported screen size decreased partway during 

the experiment). Additionally, one participant was removed who reported attempts to circumvent 

the blur. Subjects were recruited until a final sample of 30 was reached. The sample for 

Experiment 1 had 15 female and 15 male participants, with a mean age of 40 (SD = 9).  

Raw Data Visualizations and Descriptive Statistics 

Participants in Experiment 1, both in practice trials and the full experiment, primarily 

visited and relied only on the 100% cue (a strong strategy, and one that is not inhibited by having 

to learn cue predictive validities through trial and error, as in Experiment 2). Most participants 

completed the practice round requiring three correct answers in a row within three trials (26/30 

participants; see Figure 5), and all participants finished the practice within 11 trials. No 

participant got through the practice round by solely guessing and visiting no cues (see number of 

cue visits per trial for the practice round in Figure 6). 
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Figure 5 

Running Proportion of Correct Responses from Participants in Practice Trials of Experiment 1 

 

Note. The line representing each participant’s running proportion of correct responses will 

deflect downwards when that participant makes an incorrect response. 
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Figure 6 
Number of Cues Visited by Participants in Practice Trials of Experiment 1 

 

Note. Number of cues visited by each participant in the practice trials for Experiment 1. Practice 

trials continue until the participant gets three responses correct in a row. 
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In the full study, most participants were able to maintain a running percentage of correct 

responses of 86% or higher by Trial 15 (28 of 30 participants, see Figure 7). Only two 

participants seemed to have exhibited a strategy of guessing without cue visits, resulting in a 

running percentage of correct responses that centered around or drifted towards 50% (chance; 

see Figure 7). These two participants are also visible as frequently visiting no cues in a 

visualization of the number of cue visits per trial, Figure 8. Figure 8 also shows that the large 

majority of subjects began to rely on only one cue as the experiment progressed. Visiting only 

one cue on average led to the shortest duration of trial plus potential penalty ITI, (Mdn = 6.06 s, 

IQR = [4.95, 7.83]), suggesting that participants may have adopted a one-cue-visit strategy (and 

visiting only the 100% cue) to minimize experiment duration. Conversely, visiting no cues and 

just guessing between the two answers resulted in the highest trial plus ITI duration (Mdn = 

11.55 s, IQR = [3.49, 17.97]), likely as guessing would result in a 2 second penalty ITI ~50% of 

the time. The average duration of each trial plus ITI is plotted in Appendix C, by the number of 

cues visited on each trial. 
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Figure 7 

Running Proportion of Correct Responses from Participants in Experiment 1 

 

Note. The line representing each participant’s running proportion of correct responses will 

deflect downwards when that participant makes an incorrect response. 
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Figure 8 

Number of Cues Visited by Participants in Experiment 1 

 

Note. Number of cues visited by each participant in each trial of Experiment 1. Over the course 

of the experiment, participants gravitate towards viewing only one cue. 

 

A general desire to finish the experiment faster was also evidenced by participants 

moving their mouse cursors with greater physical movements when the mouse speeds were 

manipulated to be slower. Visualization of the outcome mouse movement speeds under the 

different speed coefficient settings can be seen in Appendix D. When the mouse speed was set to 

80% of its original speed, participants moved at a median speed of 0.41 screen height units/s 

(IQR = [0.25 , 0.59]). This was 87% of their median for 100% speed (Mdn = 0.47 screen 

height/s, IQR = [0.30, 0.68]), achievable by moving the mouse or trackpad physically more in a 

shorter amount of time than was done at the 100% speed setting. Participants appeared to make 

even larger physical movements to compensate for the slowest mouse speed of 20%, with 

participants moving a median of 0.16 screen height/s (IQR = [0.09 , 0.25]), which was 34% of 

the median for 100% speed. 
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The raw data for cue visits is visualized in Figure 9, separated by the predictor variables 

of interest. This raw data immediately shows a distinct difference in responses for the 100% cue 

compared to all others. This is an important factor that will shape the analyses. Additional 

visualizations of this raw data, including data separated by Participant and data separated by the 

individual effort factors of mouse speed and distance, can be seen in Appendix B. 
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Figure 9 

Raw Data for Experiment 1 by Effort, Predictive Validity, and Trial  

 

Note. As all original responses are 0 (cue not visited on a trial) or 1 (cue visited on a trial), raw 

data is visualized here with a cubic spline fit (λ = 0, i.e., no smoothing; JMP Student Edition 

18.2.1). Error ribbons represent JMP’s bootstrapped confidence region for the spline fits. 
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Effort Transform Tests 

To address the potential of the shape of effort’s effect to differ from that seen in delay 

discounting studies and be concave rather than convex (Białaszek et al., 2017; Klein-Flügge et 

al., 2015; Mitchell, 2017; see Figure 2), multiple transformations of the Effort variable were 

tested to be used in analyses. Visualizations of the tested transforms can be seen in Figures 10 

and 11. If the shape of effort’s effect is convex, like a traditional delay discounting curve, I 

would anticipate the best fitting transforms to be the traditional log transform, a square root or a 

cube root transform (see Figure 10). If the shape of effort’s effect is concave like that seen in 

some effort discounting studies, I would anticipate the best fitting transforms to be the squared or 

cubed transforms (see Figure 11). 
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Figure 10 
Visualization of Transforms of Simulated Convex Data 

 

Note. Simulated data depicting a convex shape seen in traditional delay discounting curves, 

along with the transformations tested in this study. Here, the convex shape is best linearized by a 

square root, cube root, or log(x+1) transform. 
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Figure 11 
Visualization of Transforms of Simulated Concave Data 

 

Note. Simulated data depicting a concave shape seen in some effort discounting curves, along 

with the transformations tested in this study. Here, the concave shape is best linearized by a 

squared or cubed transform. 

 

Transformations were tested on Experiment 1’s data with a multilevel logistic regression, 

with an intercept effect of participant (R syntax provided in Equation 2). The model was run 

multiple times with different transformations of the effort variable, and the models are compared 

in Table 2. The log and cube root transforms were close in their AIC values, so I decided to use 

the more traditional log transform throughout this study. Importantly, the values of all tested 

transforms and the final log transform were multiplied by −1 before their use in further analyses. 

This is due to the combined effort term (mouse speed coefficient / distance in proportion of 
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screen height) scaling such that higher effort is represented by lower values. In order to ease the 

interpretation of this value, it is multiplied by −1 such that higher effort is represented by higher 

values. The transformed Effort and Predictive Validity variables were centered by their 

minimums, and the variable of Trial was rescaled between 0 and 1 (dividing by the total trial 

number of 270) to ease in model convergence. 

 

Model <– glmer(visited ~ –1(EFFORT) –min(–1(EFFORT)) ×  (2) 

 (log(PV+1) – min(log(PV+1) × (Trial / 270) + 

+ (1 | Participant) 
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Table 2 

Model Comparisons of Effort Transforms in Logistic Regression Predicting Likelihood of Cue 

Visits for Experiment 1 

Transform of Combined Effort Variable (x) Formula of Transform AIC 
1. Cube Root x1/3 19162.14 
2. Log log(x + 1) 19164.27 
3. Square Root x1/2 19177.18 
4. No Transform  −x 19236.46 
5. Squared x2 19350.02 
6. Cubed x3 19446.39 

Note. Model comparisons for transforms of the combined effort variable (mouse speed 

coefficient / distance in proportion of screen height) predicting likelihood of cue visits. All 

models compared had identical fixed and random effects, apart from the tested transformed effort 

variable (including fixed effects of minimum-centered log(predictive validity), Trial rescaled 

from 0 to 1, and their interaction). All models had an intercept random effect for participant. All 

transformed effort variables were multiplied by −1 after their transform, for ease in interpretation 

(causing the effort variable to increase instead of decrease with higher difficulty). All 

transformed effort variables were additionally minimum-centered, to aid in interpretation of the 

model intercept (intercept represents all values at their minimum). Squared and cubed transforms 

were divided by their maximum values to rescale them between 0 and 1 to help with model 

convergence. The models with the lowest AIC values, cube root transform and log transform, 

were similar in their AIC value (19162.14 vs 19164.27). As these models did not significantly 

differ, the log transform was chosen for further models due to it being traditionally used with 

discounting models (Wileyto et al., 2004; Young, 2018).  
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Model Comparison 

Of the original frequentist models run, the model with all two-way interactions in the 

random effects structure was the best of those that converged (see AIC comparison table in 

Appendix E). The maximal model, with two- and three-way interactions in the random effects 

structure, did not converge with bobyqa, nloptr, or Nelder-Mead optimizers. This model was 

then run as a Bayesian analysis, along with rerunning the best fit of the frequentist models (up to 

two-way interactions in random slope effects) for comparison. The WAIC values for this model 

comparison are shown in Table 3. As the maximal model that only converged through Bayesian 

methods was the best fitting model, the models reported for this experiment and the next will be 

Bayesian. The details of the best fitting frequentist models will be available in Appendix E, but 

the conclusions and interpretations ultimately do not differ between the two. 
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Table 3 

WAIC Comparisons for Logistic Regressions Predicting Likelihood of Cue Visits for Experiment 

1 

Model Random Effects Syntax  WAIC 
1. Only Two-Way 
Interactions 

(1 + Effort + Predictive Validity + Trial +  
Effort : Predictive Validity + Effort : Trial + 

 Predictive Validity : Trial | Participant) 

14221.5 

 
2. Two- and Three-
Way Interactions 

 
(1 + Effort × Predictive Validity × Trial | Participant) 

 
14101.6 

Note. Model comparisons for Bayesian multilevel logistic regressions predicting likelihood of 

cue visits. Models only differed in their random effects. The fixed effects Effort, Predictive 

Validity, Trial, and their interactions, were kept the same for all models. The parameter of 

“Effort” is made up of −1(log[Effort] + 1) centered by its minimum. The parameter of 

“Predictive Validity” is made up of log(predictive validity + 1) centered by its minimum. The 

parameter of Trial is made up of trial number / 270. The R syntax for each random effect 

structure is included. With the lowest WAIC value, Model 2 was chosen as the best fit. 
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Model Parameter Estimates 

 All compared Bayesian models were run with 8000 total iterations, with 2000 burn-in 

iterations. Priors for this model included a prior for the intercept, fixed effects, and random 

effects following a student’s t distribution, with 3 degrees of freedom, 0 as the mean, and a scale 

of 10. This prior was made to be weakly informative, not restricting the parameter estimates 

because large parameter estimates were seen in the frequentist models run previously (see 

Appendix E).The prior for random effect correlations followed a LKJ(2) distribution. All R-hat 

values (< 1.01) posterior distributions and sampling chains suggest a converging model with no 

issues regarding parameter estimates. The parameter estimates for the best fitting Bayesian 

model are shown in Table 4. A visualization of the model-predicted conditional effects can be 

seen in Figure 12, and with effort back-transformed in Figure 13. 

 

  



51 

Table 4 
Parameter Estimates for Bayesian Logistic Regression Predicting Likelihood of Cue Visits for 

Experiment 1 

     B      L−95% CI   U−95% CI BF 
Intercept  −4.87       −7.26     −2.61 >1000 
Effort  −3.44       −5.06     −2.03 >1000 
Predictive Validity 9.50       5.91     13.33 >1000 
Trial −6.51       −10.13      −3.06 >1000 
Effort × Predictive Validity 5.15       2.80 7.88 >1000 
Effort × Trial −8.03       −12.22     −4.16 >1000 
Predictive Validity × Trial 10.11       4.35     16.22 >1000 
Effort × Predictive Validity × Trial 13.40       7.05     20.28 >1000 

Note. Parameter estimates for the Bayesian multilevel logistic regression predicting likelihood of 

cue visits. The parameter of “Effort” is made up of −1(log(Effort+ 1) centered by its minimum. 

The parameter of “Predictive Validity” is made up of log(predictive validity + 1) centered by its 

minimum. The parameter of Trial is made up of trial number / 270. This model included random 

intercept and slope effects of effort, predictive validity, trial, and all possible interactions. 

Estimates are given in log odds space. Bayes Factors are the evidence in favor of the sign of the 

parameter estimate. 
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Figure 12 

Conditional Effects of Logistic Regression for Experiment 1 

 

Note. In this figure, the Effort variable appears as it did in the analyses, log transformed 

(log(x+1)), minimum-centered, and multiplied by −1 to ease in interpretation (causing the effort 

variable to increase instead of decrease with higher difficulty). Predictive Validity and Trial 

labels reflect their original, non-transformed values. Error ribbons represent 95% Credible 

Intervals. 
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Figure 13 

Conditional Effects of Logistic Regression for Experiment 1, with Effort Back-Transformed 

 

Note. In this figure, the Effort variable is back-transformed to its original scale but still 

multiplied by −1 to ease in interpretation (causing the effort variable to increase instead of 

decrease with higher difficulty). Predictive Validity and Trial labels reflect their original, non-

transformed values. Error ribbons represent 95% Credible Intervals. 

 

This model shows support for both Hypotheses 1A and 1B under different conditions. 

Effort has the greatest effect for the second highest predictive validity value, with participants 

visiting cues 29.5% of the time on average when effort is low (the conditional effect of the model 

when the Effort variable (minimum centered −1(log(Effort + 1)) is set to 0, Predictive Validity is 

set to 87, and all other variables are set to their means; 95% CI = [0.18, 0.42]) and 2.8% of the 

time when effort is high (at value of 1.75 for minimum centered −1(log(Effort + 1)); 95% CI = 

[0.01, 0.06]).This difference is smaller for the 100% correct cue (M = 0.86, 95% CI = [0.78, 
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0.93] at low effort to M = 0.95, 95% CI = [0.88, 0.99] at high effort) and smaller still for the 67% 

(M = 0.02, 95% CI = [0.002, 0.06] at low effort to M = 1.63e−5, 95% CI = [1.00e−7, 1.24 e−4] at 

high effort) and 50% cues (M = 2.93 e−4, 95% CI = [5.00e−7, 0.002] at low effort to M = 0, 95% 

CI = [0, 0] at high effort). 

Overall, the largest visible effect is that of Predictive Validity, particularly in the leap 

from the 83% to the 100% correct cue. This leap is strong enough that it prompted visual 

comparison back to the raw data (Figure 9). Fitting what would be expected from Prospect 

Theory and the potential for a certainty effect (Kahneman & Tversky, 1979; Tversky & 

Kahneman, 1992), the leap from 83% to 100% Predictive Validity may be a larger conceptual 

leap than the differences between any other two sequential Predictive Validity values. This 

difference may be enough such that the 100% cue single-handedly drives a significant effect of 

Predictive Validity, dragging up the estimated visit likelihoods for the 83% cue in the process 

(compare the higher predicted values for the 83% cue in Figure 13 to the raw data in Figure 9). 

To investigate this further, the model was re-run with Predictive Validity as a categorical 

variable. 

Model Comparison with Predictive Validity as a Categorical Variable 

Two models were compared with Predictive Validity (log[predictive validity + 1] 

centered by its minimum) as a Categorical Variable (dummy coded with zero representing the 

minimum value) One of the compared models had only up to two-way interactions as slope 

effects in the random effects structure, while the other had up to the three-way interaction of 

Effort, Predictive Validity, and Trial. Of these, the model with only up to the two-way 

interactions between these variables was the best fit and used for further analyses. See details of 

this comparison in Table 5. The model with only two-way interactions in the random effects 
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structure was also the best fitting of the frequentist models run. For more details on this model, 

see Appendix F. Importantly, the WAIC values for the models using Predictive Validity as a 

categorical variable were lower than the best-fitting model with Predictive Validity as a 

continuous variable (WAIC of 10072.2 for best fitting model with categorical Predictive 

Validity, WAIC of 14101.6 for best fitting model with continuous Predictive Validity), 

suggesting the categorical treatment of Predictive Validity is the best fit. 
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Table 5 

WAIC Comparisons for Bayesian Logistic Regressions with Predictive Validity as a 

Categorical Variable Predicting Likelihood of Cue Visits for Experiment 1 

 

Model Random Effects Syntax  WAIC 
1. Only Two-Way 
Interactions 

(1 + Effort + Predictive Validity + Trial +  
Effort : Predictive Validity + Effort : Trial +  

Predictive Validity : Trial | Participant) 

10072.2 

 
2. Two- and Three-
Way Interactions 

 
(1 + Effort × Predictive Validity × Trial | Participant) 

 
10077.4 

Note. Model comparisons for Bayesian multilevel logistic regressions predicting likelihood of 

cue visits. Models only differed in their random effects. The fixed effects Effort, Predictive 

Validity, Trial, and their interactions, were kept the same for all models. The parameter of 

“Effort” is made up of −1(log(Effort + 1) centered by its minimum. The parameter of “Predictive 

Validity” is made up of log(predictive validity + 1) centered by its minimum. The parameter of 

“Predictive Validity” is made up of log(predictive validity + 1) centered by its minimum. The 

parameter of Trial is made up of trial number / 270. The R syntax for each random effect 

structure is included. With the lowest WAIC value, Model 1 was chosen as the best fit. For 

comparison, the best fitting model with Predictive Validity as a continuous predictor had an 

WAIC of 14101.6 

 

Parameter Estimates and Conditional Effects of the Best Fitting Model 

The parameter estimates for the best fitting model, with Predictive Validity as a 

categorical variable, can be seen in Table 6. Conditional Effects from this model are visibly 

closer to the raw data in Figure 9 (see Figure 14 for model conditional effects, and Figure 15 for 

conditional effects with effort back-transformed). The better fitting model using Predictive 
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Validity as a categorical variable shows strong support for Hypothesis 1B. In the case of this 

study, 100% correct information drives cue visits, even when it requires increased effort. 
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Table 6 

Parameter Estimates for Bayesian Logistic Regression with Predictive Validity as a Categorical 

Variable Predicting Likelihood of Cue Visits for Experiment 1. 

    B      L−95% CI U−95% CI            BF 
Intercept −1.62 −2.53 −0.73 >1000 
Effort −1.13 −1.65 −0.63 >1000 
Predictive Validity [67] 0.02 −0.37 0.41 1.21 
Predictive Validity [83] 0.33 −0.13 0.80 11.67 
Predictive Validity [100] 7.27 5.27 9.86 >1000 
Trial −2.45 −3.85 −1.09 >1000 
Effort: Predictive Validity [67] 0.17 −0.24 0.58 3.85 
Effort: Predictive Validity [83] 0.25 −0.24 0.73 5.53 
Effort: Predictive Validity [100] 0.99 −0.08 2.15 28.52 
Effort:Trial −1.24 −2.36 −0.19 99.00 
Predictive Validity [67]:Trial −0.12 −1.11 0.78 1.44 
Predictive Validity [83]:Trial 0.06 −0.96 1.00 1.26 
Predictive Validity [100]:Trial 7.53 3.65 12.05 >1000 
Effort:Predictive Validity [67]:Trial −0.40 −1.28 0.47 4.43 
Effort: Predictive Validity [83]:Trial −0.39 −1.27 0.50 4.09 
Effort: Predictive Validity [100]:Trial −0.09 −1.64 1.47 1.19 

Note. Parameter estimates for the Bayesian multilevel logistic regression predicting likelihood of 

cue visits. The parameter of “Effort” is made up of −1(log(Effort + 1) centered by its minimum. 

The parameter of “Predictive Validity” is made up of log(predictive validity + 1) centered by its 

minimum. The labels of the Predictive Validity levels are written in their original scale (67, 83, 

100). The categorical variable of Predictive Validity is dummy coded, with the minimum level 

50 as the reference level. The parameter of Trial is made up of trial number / 270. This model 

included random intercept and slope effects of effort, predictive validity, trial, and all possible 

two-way interactions. Estimates are given in log odds space. Bayes Factors are evidence in favor 

of the sign of the parameter estimate. 
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Figure 14 

Conditional Effects of Logistic Regression for Experiment 1, with PV as a Categorical Predictor 

 

Note. In this figure, the Effort variable appears as it did in the analyses, log transformed 

(log(x+1)), minimum-centered, and multiplied by −1 to ease in interpretation (causing the effort 

variable to increase instead of decrease with higher difficulty). Predictive Validity and Trial 

labels reflect their original, non-transformed values. Error ribbons represent 95% Credible 

Intervals. 
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Figure 15 

Conditional Effects of Logistic Regression for Experiment 1, Categorical PV, Back-Transformed 

 

Note. In this figure, the Effort variable is back-transformed to its original scale but still 

multiplied by −1 to ease in interpretation (causing the effort variable to increase instead of 

decrease with higher difficulty). Predictive Validity and Trial labels reflect their original, non-

transformed values. Error ribbons represent 95% Credible Intervals. 

 

This model shows decisive evidence in favor of an effect of Effort (B = −1.13, 95% CI = 

[−1.65, −0.63], BF > 1000), showing support for Hypothesis 1A. The largest effect seen is that of 

Predictive Validity at the conditional level of 100 (B = 7.27, 95% CI = [5.27, 9.86], BF > 1000), 

and its interaction with Trial (B = 7.53, 95% CI = [3.65, 12.05], BF > 1000). Where other 

Predictive Validity values show a decrease in cue visit likelihood over the course of the 

experiment (for Predictive Validity 50%, at Trial 1, M = 0.07, 95% CI = [0.02, 0.14] and at Trial 

270, M = 0.002, 95% CI = [0.0002, 0.006]; For 67% at Trial 1 M = 0.08, 95% CI = [0.02, 0.16] 
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and at Trial 270, M = 0.005, 95% CI = [0.0001, 0.005]; and for 83% at Trial 1 M = 0.11, 95% CI 

= [0.03, 0.23] and at Trial 270, M = 0.003, 95% CI = [0.0002, 0.008]), the 100% cue is relatively 

unchanged (at Trial 1 M = 0.99, 95% CI = [0.98, 0.99] and at Trial 270, M = 0.99, 95% CI = 

[0.99, 1.00]). 

Both Hypothesis 1A, that effort can discount the value of information and inhibit the 

search for cues, and Hypothesis 1B, that a need for certainty outweighs the effort required to get 

the cues, appear to be supported under different conditions, characterized by significant 

interactions of Effort and the 100% Predictive Validity cue (B = 0.99, 95% CI = [−0.08, 2.15], 

BF = 28.52). Visits to cues with predictive validities of 50, 67, and 83 appear to be strongly 

influenced by effort (50 PV: likelihood of cue visit at low effort of 0 for minimum centered 

−1(log(Effort + 1)), M = 0.05, 95% CI = [0.02, 0.10], higher than at high effort of 1.75 M = 

0.003, 95% CI = [0.0004, 0.007]; OR = 21.35, 95% CI = [6.67,45.00]; 67 PV: likelihood of cue 

visit at low effort, M = 0.05, 95% CI = [0.02, 0.10], higher than at high effort, M = 0.002, 95% 

CI = [0.0004, 0.006], OR = 22.52, 95% CI = [7.842,49.5]; 83 PV: likelihood of cue visit at low 

effort , M = 0.08, 95% CI = [0.03, 0.15], higher than at high effort M = 0.004, 95% CI = [0.001, 

0.01]), OR = 19.36, 95% CI = [6.298,42.1]), whereas the cue with predictive validity of 100 was 

not (100 PV: likelihood of cue visit at low effort, M = 0.99, 95% CI = [0.99, 1.00], not different 

than at high effort 1.75, M = 0.99, 95% CI = [0.99, 0.99], OR = 4.24, 95% CI = [0.219;15.2]). A 

visualization of the likelihood of visiting the 50, 67, or 83 cue on trials where the 100 cue is not 

visited can be seen in Appendix G (609 instances, out of 8,100 total [30 participants × 270 

trials]). 

 Predictive validity does not have a large effect on cue visits between the 50, 67, and 83 

cues (for 50, with all other variables at their average value, M likelihood of cue visits = 0.01, 
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95% CI [0.004,0.03]; for 67, M = 0.01, 95% CI [0.003,0.02]; for 83, M = 0.02, 95% CI 

[0.004,0.04]), but the likelihood of visiting the 100 cue is much larger than all others (M = 0.99, 

95% CI [0.99,1.00], compared to 83, OR = 89906, 95% CI [675, 1,015,748]. As such, both 

Hypotheses 1A, the Effort Dominance Hypothesis, and 1B, the Predictive Validity Dominance 

Hypothesis, are supported under different conditions: effort has a strong effect with non-100% 

Predictive Validity cues, and predictive validity has a strong effect only with the 100% 

Predictive Validity cue. 

Experiment 1 suggests the shape of the function of cue visits predicted by effort is 

convex, as predicted by Hypothesis 3B, the Largest Discounting Early Hypothesis. This is 

supported by the best fitting transform for the effort variable, a log transform (AIC = 19164.27; 

though cube root is also tied for best fit, AIC = 19162.14). A visualization of the conditional 

effects of the best fitting model with Predictive Validity as a categorical predictor, with the effort 

predictor back transformed (yet still multiplied by −1 to aid in interpretation, with higher values 

meaning more effort), shows no strong pattern of concave or convex shapes of the effort effect 

(see Figure 15). When examining the conditional effect of effort when all other variables are set 

to their means (see Figure 16), a very slight concave shape appears (slope changing from −0.012 

at the low effort value of −6 to a flatter slope of −0.006 at the high effort value of −2). For the 

best fitting model with Predictive Validity as a continuous predictor (see Figure 17), these slopes 

are only slightly different at −0.012 at the low effort value of −6 to −0.003 at the high effort 

value of −2, still suggesting a slight convex shape. In sum, these results tilt in favor of 

Hypothesis 3B, but not to a powerful degree. 
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Figure 16 

Conditional Effect of Effort for Logistic Regression with Categorical PV, Experiment 1 

 

Note. Here, from the multilevel logistic regression predicting likelihood of cue visits, with 

Predictive Validity as a categorical predictor, the conditional effect of Effort is shown when all 

other variables are at their means. The Effort variable is back-transformed to its original scale but 

still multiplied by −1 to ease in interpretation (causing the effort variable to increase instead of 

decrease with higher difficulty). Error ribbon represents 95% Credible Interval. 
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Figure 17 

Conditional Effect of Effort for Logistic Regression with Continuous PV, Experiment 1 

 

Note. Here, from the multilevel logistic regression predicting likelihood of cue visits, the 

conditional effect of Effort is shown when all other variables are at their means. The Effort 

variable is back-transformed to its original scale but still multiplied by −1 to ease in 

interpretation (causing the effort variable to increase instead of decrease with higher difficulty). 

Error ribbon represents 95% Credible Interval. 

 

Experiment 2 

Sample Demographics 

Experiment 2 originally recruited 35 participants. Of these, one was removed for 

reporting a technical issue, and three were removed for exiting the full-screen window during the 

study (reported screen size decreased partway during the experiment). Subjects were recruited 
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until a final sample of 31 was reached. The sample for Experiment 2 had 16 female and 15 male 

participants, with a mean age of 43 (SD = 12). 

Raw Data Visualizations and Descriptive Statistics 

Participants in Experiment 2 started each experiment block of 45 trials with exploration 

of multiple cues but increasingly visited and relied only on the 100% cue over the course of each 

block. Most participants completed the practice round requiring three correct answers in a row 

within four trials (23/31 participants; see Figure 18), and all participants finished the practice 

within 13 trials. No participant got through the practice round by solely guessing and visiting no 

cues (see number of cue visits per trial for the practice round in Figure 19). 

 

Figure 18 
Running Proportion of Correct Responses from Participants in Practice Trials of Experiment 2 

 

Note. The line representing each participant’s running proportion of correct responses will 

deflect downwards when that participant makes an incorrect response. 
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Figure 19 
Number of Cues Visited by Participants in Practice Trials of Experiment 2  

 

Note. Number of cues visited by each participant in the practice trials for Experiment 2. Practice 

trials continue until the participant gets three responses correct in a row. 

 

In the full study, most participants were able to maintain a running percentage of correct 

responses of 75% or higher by the end of Block 1 (24 of 31 participants, see Figure 20). Only 

four participants seemed to have exhibited a strategy of guessing without cue visits, resulting in a 

running percentage of correct responses that centered around or drifted towards 50% (chance; 

see Figure 20). These four participants are also visible as frequently visiting 0 in a visualization 

of the number of cue visits per trial, Figure 21. Figure 21 also shows that the large majority of 

subjects began to rely on only one cue as each experiment block progressed. Similar to as was 

found in Experiment 1, visiting one cue per trial led to the fastest trial plus ITI duration (Mdn = 

4.39 s, IQR = [3.66, 5.65]), suggesting that the one-cue-visit strategy (and visiting only the 100% 
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cue) minimized experiment duration. The average duration of each trial plus potential penalty ITI 

is plotted in Appendix I, by the number of cues visited on each trial.  

 

Figure 20 
Running Proportion of Correct Responses from Participants in Experiment 2 

 

Note. The line representing each participant’s running proportion of correct responses will 

deflect downwards when that participant makes an incorrect response. 
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Figure 21 

Number of Cues Visited by Participants in Experiment 2 

 

Note. Number of cues visited by each participant in each block of Experiment 2, by trial. Each 

block of 45 trials is indicated by a black line. By the end of the trials in a block, participants 

gravitate towards viewing only one cue. 

 

Participants also moved their mouse cursors with greater physical movements when the 

mouse speeds were manipulated to be slower. Visualization of the outcome mouse movement 

speeds under the different speed coefficient settings for Experiment 2 can be seen in Appendix J. 

When the mouse speed was set to 80% of its original speed, participants moved at a median 

speed of 0.43 screen height units / s (IQR = [0.25 , 0.67]). This was 88% of their median for 

100% speed (Mdn = 0.49 screen height / s, IQR = [0.28, 0.73]), achievable by moving the mouse 

or trackpad physically more than was done at the 100% speed setting. Participants made even 

larger physical movements to compensate for the slowest mouse speed of 20%, with participants 
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moving a median of 0.19 screen height / s (IQR = [0.11 , 0.35]), which was 39% of the median 

for 100% speed. 

The raw data is visualized in Figure 22, separated by the predictor variables of interest. 

Similar to Experiment 1, the raw data for Experiment 2 immediately shows a distinct difference 

in responses for the 100% cue compared to the other cues. Additional visualizations of this raw 

data, including data separated by Participant and data separated by the individual effort factors of 

mouse speed and distance, can be seen in Appendix H. 
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Figure 22 

Raw Data for Experiment 2 by Effort, Predictive Validity, and Trial 

 

Note. As all original responses are 0 (cue not visited on a trial) or 1 (cue visited on a trial), raw 

data is visualized here with a cubic spline fit (λ = 7 to reduce excessive curvature and predictions 

above 1 and below 0; JMP Student Edition 18.2.1). Error ribbons represent JMP’s bootstrapped 

confidence region for the spline fits. 

 

Effort Transform Tests 

As was done in Experiment 1, different transforms of the Effort variable were tested to 

find the best fit. Visualizations of the tested transforms can be seen in Figures 10 and 11. A 

convex functional form, like a traditional delay discounting curve, would be best fit by the 

traditional log transform, a square root or a cube root transform (see Figure 10). A concave 
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functional form, like that seen in some effort discounting studies, would be best fit by squared or 

cubed transforms (see Figure 11). 

Transformations were tested on Experiment 2’s data with a multilevel logistic regression, 

with an intercept effect of participant (R syntax provided in Equation 3). The model was run 

multiple times with different transformations of the effort variable, and the models are compared 

in Table 7. The log and cube root transforms were close in their AIC values, though not as close 

as they were in Experiment 1 (for log, AIC = 26353.54. For cube root, AIC = 26342.04). As both 

transforms suggest a convex shape, and for consistency with Experiment 1 and traditional 

transforms of delay discounting data (Wileyto et al., 2004; Young, 2018), I decided to use the 

more traditional log transform throughout this study. Importantly, the values of all tested 

transforms and the final log transform were multiplied by −1 before their use in further analyses. 

This is due to the combined effort term (mouse speed coefficient / distance in proportion of 

screen height) scaling such that higher effort is represented by lower values. In order to ease the 

interpretation of this value, it is multiplied by −1 such that higher effort is represented by higher 

values. The transformed Effort and Predictive Validity variables were centered by their 

minimums, and the variable of Trial was rescaled between 0 and 1 (dividing by the total trial 

number of 270) to ease in model convergence. 

 

Model <– glmer(visited ~ –1(EFFORT) –min(–1(EFFORT)) ×  (3) 

 (log(PV+1) – min(log(PV+1) × (Trial / 270) × Block + 

+ (1 | Participant) 
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Table 7 

Model Comparisons for Effort Transforms in Logistic Regression Predicting Likelihood of Cue 

Visits in Experiment 2 

Transform of Combined Effort Variable (x) Formula of Transform AIC 
1. Cube Root x1/3 26342.04 
2. Log log(x + 1) 26353.54 
3. Square Root x1/2 26368.92 
4. No Transform  -x 26435.66 
5. Squared x2 26506.20 
6. Cubed x3 26541.95 

Note. Model comparisons for transforms of the combined effort variable (mouse speed 

coefficient / distance in proportion of screen height) predicting likelihood of cue visits. All 

models compared had identical fixed and random effects, apart from the tested transformed effort 

variable (including fixed effects of minimum-centered log(predictive validity), Trial rescaled 

from 0 to 1, and their interaction). All models had an intercept random effect for participant. All 

transformed effort variables were multiplied by −1 after their transform, for ease in interpretation 

(causing the effort variable to increase instead of decrease with higher difficulty). All 

transformed effort variables were additionally minimum-centered, to aid in interpretation of the 

model intercept (intercept represents all values at their minimum). Squared and Cubed 

transforms were divided by their maximum values to rescale them between 0 and 1 to help with 

model convergence. To stay consistent with Experiment 1 and traditional transforms of delay 

discounting data (Wileyto et al., 2004; Young, 2018), the log transform was chosen (AIC = 

26353.54) , even though it was only the second-best fitting transform after the less conventional 

cube root transform (AIC = 26342.04).  
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Model Comparison 

The first models tested for Experiment 2 were those originally planned with Predictive 

Validity as a continuous predictor. These models will be examined first, followed by models 

where Predictive Validity is treated as a categorical variable, as was run for Experiment 1. 

For consistency with the models reported for Experiment 1, and because many of the 

corresponding frequentist models for Experiment 2 failed to converge, the Bayesian models are 

thus reported for Experiment 2. The best-fitting converging frequentist model run with Predictive 

Validity as a continuous predictor can be viewed in Appendix K. No frequentist models with 

Predictive Validity as a categorical predictor converged. Of the Bayesian models run, the 

maximal model with all possible interactions of Effort, Predictive Validity, Trial, and Block as 

slope effects in the random effects structure, was the best fit (see Table 8). 
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Table 8 

WAIC Comparisons for Logistic Regressions Predicting Likelihood of Cue Visits 

for Experiment 2 

 

Model Random Effects Syntax  WAIC 
1. Intercept Only (1 | Participant) 26196.7 
   
2. Main Effects (1 + Effort + Predictive Validity + Trial + Block | Participant) 22321.7 
   
3. Only Two-Way 
Interactions 

(1 + Effort + Predictive Validity + Trial + Block +  
Effort : Predictive Validity + Effort : Trial  +  

Predictive Validity : Trial + Block : Effort + Block : Trial +  
Block : Predictive Validity | Participant)  

18489.7 

   
4. Two- and Three-
Way Interactions  

(1 + Effort × Predictive Validity × Trial × Block –  
Effort : Predictive Validity : Trial : Block  | Participant)  

16672.6 

 
5.Two-, Three-, 
and Four-Way 
Interactions 

 
(1 + Effort × Predictive Validity × Trial × Block | Participant) 

 
16265.7 

Note. Model comparisons for Bayesian multilevel logistic regressions predicting likelihood of 

cue visits. Models only differed in their random effects. The fixed effects Effort, Predictive 

Validity, Trial, and their interactions, were kept the same for all models. The parameter of 

“Effort” is made up of −1(log(Effort + 1) centered by its minimum. The parameter of “Predictive 

Validity” is made up of log(predictive validity + 1) centered by its minimum. The parameter of 

Trial is made up of trial number / 270. The R syntax for each random effect structure is included. 

With the lowest WAIC value, Model 5 was chosen as the best fit. 

 

Similar to Experiment 1, all compared Bayesian models were run with 8000 total 

iterations, with 2000 burn-in iterations. Priors for this model included a prior for the intercept, 

fixed effects, and random effects following a student’s t distribution, with 3 degrees of freedom, 
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0 as the mean, and a scale of 10. This prior was made to be weakly informative, not restricting 

the parameter estimates because large parameter estimates were seen in the frequentist models 

run previously (see Appendix E).The prior for random effect correlations followed a LKJ(2) 

distribution. All R-hat values (< 1.01) posterior distributions and sampling chains suggest a 

converging model with no issues regarding parameter estimates.  

Model Parameter Estimates 

The parameter estimates for the best fitting Bayesian model are shown in Table 9. A 

visualization of the model-predicted conditional effects can be seen in Figure 23, and with effort 

back-transformed in Figure 24. 
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Table 9 

Parameter Estimates for Bayesian Logistic Regression Predicting Likelihood of Cue Visits for 

Experiment 2 

      B     L−95% CI U−95% CI BF 
Intercept  2.64 −2.83     8.05 4.68 
Effort −9.24 −13.25 −4.91 >1000 
Predictive Validity 1.79 −4.79 8.40 2.41 
Trial −66.75 −83.40 −48.63 >1000 
Block 4.79 2.23 7.20 >1000 
Effort × Predictive Validity 11.68 4.68 17.89 >1000 
Effort × Trial −23.54 −49.87 −0.49 44.63 
Predictive Validity × Trial 94.93 66.04 121.87 >1000 
Effort × Block 5.89 3.00 8.97 >1000 
Predictive Validity × Block −8.55 −12.44 −4.65 >1000 
Trial × Block 4.31 2.40 6.25 >1000 
Effort × Predictive Validity × Trial 47.51 5.86 96.04 134.60 
Effort × Predictive Validity × Block −9.45 −14.89 −4.17 >1000 
Effort × Trial × Block −1.15 −3.32 1.10 5.77 
Predictive Validity × Trial × Block −4.70 −8.35 −0.86 113.83 
Effort × Predictive Validity × Trial × Block 0.29 −4.04 4.50 1.23 

Note. Parameter estimates for the Bayesian multilevel logistic regression predicting likelihood of 

cue visits for Experiment 2. The parameter of “Effort” is made up of −1(log(Effort + 1) centered 

by its minimum. The parameter of “Predictive Validity” is made up of log(predictive validity + 

1) centered by its minimum. The parameter of Trial is made up of trial number / 270. This model 

included random intercept and slope effects of effort, predictive validity, trial, and all possible 

interactions. Estimates are given in log odds space. Bayes Factors are the evidence in favor of the 

sign of the parameter estimate. 
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Figure 23 

Conditional Effects of Logistic Regression for Experiment 2, with Predictive Validity as 

Continuous Variable 

 

Note. In this figure, the Effort variable appears as it did in the analyses, log transformed 

(log(x+1)), minimum-centered, and multiplied by −1 to ease in interpretation (causing the effort 

variable to increase instead of decrease with higher difficulty). Predictive Validity and Trial 

labels reflect their original, non-transformed values. Error ribbons represent 95% Credible 

Intervals. 
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Figure 24 

Conditional Effects of Logistic Regression for Experiment 2, with Predictive Validity as 

Continuous Variable and Effort Back-Transformed 

 

Note. In this figure, the Effort variable is back-transformed to its original scale but still 

multiplied by −1 to ease in interpretation (causing the effort variable to increase instead of 

decrease with higher difficulty). Predictive Validity and Trial labels reflect their original, non-

transformed values. Error ribbons represent 95% Credible Intervals. 

 

Similar to Experiment 1, a visual inspection of the conditional effects from the best 

fitting model in Experiment 2 (see Figure 24) suggests the distinct nature of the 100% cue visible 

in the raw data (see Figure 22) may not be captured by treating Predictive Validity as a 

continuous variable. In particular, estimates for the 83% cue may be pulled upwards, and 

estimates for the 100% cue may be pulled down. As such, the data from Experiment 2 was 

similarly tested in models where Predictive Validity is treated as a categorical variable. 
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Model Comparison with Predictive Validity as a Categorical Variable 

Five models with different random effects structures were compared with Predictive 

Validity as a Categorical Variable. Of these, the maximal model with all interactions up to the 

four-way interaction of Effort, Predictive Validity, Trial, and Block as slope effects in the 

random effects structure was the best fit and used for further analyses. See details of this 

comparison in Table 10. For details on the best-fitting frequentist model of those that converged, 

see Appendix K. Importantly, the WAIC values for the models using Predictive Validity as a 

categorical variable were lower than the best-fitting model with Predictive Validity as a 

continuous variable (WAIC of 11910.3 for best fitting model with categorical Predictive 

Validity, WAIC of 16265.7 for best fitting model with continuous Predictive Validity), 

suggesting the categorical treatment of Predictive Validity is the best fit 
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Table 10 
WAIC Comparisons for Bayesian Logistic Regressions with Predictive Validity as a 

Categorical Variable Predicting Likelihood of Cue Visits for Experiment 2 

 

Model Random Effects Syntax  WAIC 
1. Intercept Only (1 | participant) 22986.8 
   
2. Main Effects (1 + Effort + Predictive Validity + Trial + Block | Participant) 17053.1 
   

3. Only Two-Way 
Interactions 

(1 + Effort + Predictive Validity + Trial + Block +  
Effort : Predictive Validity + Effort : Trial  +  

Predictive Validity : Trial + Block : Effort + Block : Trial + 
Block : Predictive Validity | Participant)  

14201.9 

   
4. Two- and Three-
Way Interactions  

(1 + Effort × Predictive Validity × Trial × Block –  
Effort : Predictive Validity : Trial : Block  | Participant)  

12145.2 

 
5.Two-, Three-, 
and Four-Way 
Interactions 

 
(1 + Effort × Predictive Validity × Trial × Block | Participant) 

 
11910.3 

Note. Model comparisons for Bayesian multilevel logistic regressions predicting likelihood of 

cue visits. Models only differed in their random effects. The fixed effects Effort, Predictive 

Validity, Trial, and their interactions, were kept the same for all models. The parameter of 

“Effort” is made up of −1(log(Effort + 1) centered by its minimum. The parameter of “Predictive 

Validity” is made up of log(predictive validity + 1) centered by its minimum. The parameter of 

“Predictive Validity” is made up of log(predictive validity + 1) centered by its minimum. The 

parameter of Trial is made up of trial number / 270. The R syntax for each random effect 

structure is included. With the lowest WAIC value, Model 1 was chosen as the best fit. For 

comparison, the best fitting model with Predictive Validity as a continuous predictor had an 

WAIC of 14101.6 
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Parameter Estimates with Predictive Validity as a Categorical Variable 

The parameter estimates for the best fitting model, with Predictive Validity as a 

categorical variable, can be seen in Table 11. Conditional Effects from this model are visibly 

closer to the raw data in Figure 22 (see Figure 25 for model conditional effects, and Figure 26 for 

conditional effects with effort back-transformed). The better fitting model using Predictive 

Validity as a categorical variable shows strong support for Hypothesis 1B. Though there is more 

variability in Experiment 2’s data, it appears that 100% correct information drives cue visits 

more than any other predictive validity, even when it requires increased effort. 

 

  



82 

Table 11 

Parameter Estimates for Bayesian Logistic Regression with Predictive Validity as a Categorical 

Variable Predicting Likelihood of Cue Visits for Experiment 2 

          B     L−95% CI U−95% CI BF 
Intercept 1.15 −1.89 4.37 3.17 
Effort −5.56 −8.12 −2.93 >1000 
Predictive Validity[67] 0.50 −1.27 2.30 2.47 
Predictive Validity[83] −1.05 −4.71 3.08 2.57 
Predictive Validity[100] 24.00 8.98 39.83 >1000 
Trial −45.17 −55.88 −34.98 >1000 
Block 3.45 1.83 5.09 >1000 
Effort:Predictive Validity[67] −0.42 −2.72 1.93 1.82 
Effort:Predictive Validity[83] 1.93 −2.14 5.95 4.57 
Effort:Predictive Validity[100] 1.19 −10.22 12.97 1.37 
Effort:Trial −5.71 −16.52 4.00 6.44 
Predictive Validity[67]:Trial 3.87 −3.44 11.11 5.70 
Predictive Validity[83]:Trial −11.89 −27.15 1.07 26.30 
Predictive Validity[100]:Trial 58.08 19.69 96.38 >1000 
Effort:Block 2.39 0.89 3.95 959.00 
Predictive Validity[67]:Block −0.79 −1.89 0.29 12.27 
Predictive Validity[83]:Block 3.31 1.23 5.51 >1000 
Predictive Validity[100]:Block −19.38 −25.96 −13.01 >1000 
Trial:Block 2.94 1.57 4.32 >1000 
Effort:Predictive Validity[67]:Trial −9.49 −18.48 −0.95 69.18 
Effort:Predictive Validity[83]:Trial 14.41 1.20 28.61 62.49 
Effort:Predictive Validity[100]:Trial 18.77 −3.64 49.86 15.05 
Effort:Predictive Validity[67]:Block 2.04 0.80 3.32 >1000 
Effort:Predictive Validity[83]:Block −2.73 −4.74 −0.71 213.29 
Effort:Predictive Validity[100]:Block 1.22 −3.27 5.72 2.43 
Effort:Trial:Block −1.06 −2.49 0.41 13.14 
Predictive Validity[67]:Trial:Block 0.31 −1.18 1.80 1.98 
Predictive Validity[83]:Trial:Block −1.89 −4.63 1.02 10.06 
Predictive Validity[100]:Trial:Block 11.96 4.12 20.34 826.59 
Effort:Predictive Validity[67]:Trial:Block −0.84 −2.32 0.68 6.55 
Effort:Predictive Validity[83]:Trial:Block 0.55 −2.24 3.27 1.89 
Effort:Predictive Validity[100]:Trial:Block −6.28 −12.37 −0.49 59.76 

Note. Parameter estimates for the Bayesian multilevel logistic regression predicting likelihood of 

cue visits for Experiment 2. The parameter of “Effort” is made up of −1(log(Effort + 1) centered 

by its minimum. The parameter of “Predictive Validity” is made up of log(predictive validity + 



83 

1) centered by its minimum. The labels of the Predictive Validity levels are written in their 

original scale (67, 83, 100). The categorical variable of Predictive Validity is dummy coded, with 

the minimum level 50 as the reference level. The parameter of Trial is made up of trial number / 

270. This model included random intercept and slope effects of effort, predictive validity, trial, 

and all possible two-way interactions. Estimates are given in log odds space. 

 

Figure 25 

Conditional Effects of Logistic Regression for Experiment 2, with PV as a Categorical Predictor  

 

Note. In this figure, the Effort variable appears as it did in the analyses, log transformed 

(log(x+1)), minimum-centered, and multiplied by −1 to ease in interpretation (causing the effort 

variable to increase instead of decrease with higher difficulty). Predictive Validity and Trial 

labels reflect their original, non-transformed values. Error ribbons represent 95% Credible 

Intervals. 
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Figure 26 

Conditional Effects of Logistic Regression for Experiment 2, Categorical PV, Back Transformed  

 

Note. In this figure, the Effort variable is back-transformed to its original scale but still 

multiplied by −1 to ease in interpretation (causing the effort variable to increase instead of 

decrease with higher difficulty). Predictive Validity and Trial labels reflect their original, non-

transformed values. Error ribbons represent 95% Credible Intervals. 

 

The best fitting model shows strong evidence for a negative effect of Effort (B = −5.56, 

95% CI [−8.12,−2.93], BF > 1000), alongside a strong positive effect of predictive validity for 

the 100 cue (B = 24.00, 95% CI [8.98,39.83], BF > 1000), Similar to Experiment 1, these results 

support both Hypothesis 1A, the Effort Dominance Hypothesis, and Hypothesis 1B, the 

Predictive Validity Dominance Hypothesis, under different conditions, shaped by strong 

interactions such as Predictive Validity [100] and Trial (B = 58.08, 95% CI [19.69,96.38], BF > 

1000) (for other significant interactions, see Table 11). A visualization of the likelihood of 
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visiting the 50, 67, or 83 cue on trials where the 100 cue is not visited can be seen in Appendix L 

(1,929 instances, out of 8,370 total [31 participants × 270 trials]). 

Visits to cues with predictive validities of 50, 67, and 83 appear to be slightly more 

strongly influenced by effort than the 100% cue but are also much more variable than cue visits 

in Experiment 1 (see large credible intervals; 50 PV: likelihood of cue visit at low effort of 0 for 

minimum centered −1(log(Effort + 1)), M = 0.01, 95% CI = [8.48e−7, 0.27], higher than at high 

effort of 1.75, M = 0.0005, 95% CI = [3.27e−11, 0.15]; OR = 29.97, 95% CI = [8.81e−6, 6402]; 67 

PV: likelihood of cue visit at low effort, M = 0.02, 95% CI = [2.67e−7, 0.36] higher than at high 

effort, M = 0.001, 95% CI = [3.64e−11, 0.41], OR = 12.75, 95% CI = [1.34e−6, 3861]; 87 PV: 

likelihood of cue visit at low effort, M = 0.05, 95% CI [9.64e−9, 0.94] higher than at high effort, 

M = 0.005, 95% CI = [2.00e−13, 0.97], OR = 10.21, 95% CI = [1.38e−9, 70734]; 100 PV: 

likelihood of cue visit at low effort, M = 0.90, 95% CI [1.58e−6, 1.00] lower but closer in 

magnitude to that at high effort, M = 0.99, 95% CI = [3.28e−07, 1.00], OR = 0.03, 95% CI = [0, 

4417586]). 

Predictive validity does not have a large effect on cue visits between the 50, 67, and 83 

cues (for 50, with all other variables at their average value, M likelihood of cue visits = 0.002, 

95% CI [9.40e−9,0.122]; for 67, M = 0.004, 95% CI [2.80e−9,0.238]; for 83, M = 0.01, 95% CI 

[7.00e−11,0.869]) but the likelihood of visiting the 100 cue is much larger than all others (M = 

0.98, 95% CI [9.04e−6,1.00]; compared to 83, OR = 3351, 95% CI [1.75e−15, 9.31e−9]). 

Compared to Experiment 1, these results have much wider credible intervals, indicating a large 

amount of variability in the results. Similar to Experiment 1, Experiment 2 provides support in 

the direction of both Hypotheses 1A and 1B under different conditions, but future study will aim 
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to clarify the sources of variance when cue predictive validity values are masked from 

participants and must be learned through trial and error. 

Similar to Experiment 1, Experiment 2 suggests a slight convex shape of effort’s effect, 

supporting Hypothesis 3B (Largest Discounting Early ). This conclusion is supported by the best 

fitting transforms for the effort variable, log transform (AIC = 26353.54) and cube root (AIC = 

26342.04). A visualization of the conditional effects of the model with the effort predictor back 

transformed (but multiplied by −1 to aid in interpretation, with higher values meaning more 

effort), similarly to Experiment 1, shows no strong pattern of concave or convex shapes of the 

effort effect (see Figure 27). The conditional effect of effort when all other variables are set to 

their means similarly does not provide conclusive evidence as to the shape of effort’s function 

(slope changing from −0.003 at the low effort value of −6 to −0.001 at the high effort value of 

−2). For the best fitting model with Predictive Validity as a continuous predictor, these slopes are 

only slightly different at −0.014 at the low effort value of −6 to −0.011 at the high effort value of 

−2, still suggesting a slight convex shape (see Figure 28). These results alongside those from 

Experiment 1 provide slight support for Hypothesis 3B, but the functional form of effort still 

requires further study. 
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Figure 27 

Conditional Effect of Effort for Logistic Regression with Categorical PV for Experiment 2 

 

Note. Here, from the multilevel logistic regression predicting likelihood of cue visits for 

Experiment 2, with Predictive Validity as a categorical predictor, the conditional effect of Effort 

is shown when all other variables are at their means. The Effort variable is back-transformed to 

its original scale but still multiplied by −1 to ease in interpretation (causing the effort variable to 

increase instead of decrease with higher difficulty). Error ribbon represents 95% Credible 

Interval. 
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Figure 28 

Conditional Effect of Effort for Logistic Regression with Continuous PV, for Experiment 2 

 

Note. Here, from the multilevel logistic regression predicting likelihood of cue visits for 

Experiment 2, the conditional effect of Effort is shown when all other variables are at their 

means. The Effort variable is back-transformed to its original scale but still multiplied by −1 to 

ease in interpretation (causing the effort variable to increase instead of decrease with higher 

difficulty). Error ribbon represents 95% Credible Interval. 

 

Hypotheses 2A and 2B were examined through comparison between Experiments 1 and 

2, investigating whether or not effort has a greater effect when one has to learn cue predictive 

validities, compared to when predictive validity values are given to them. 

A comparison between the conditional effects for Experiments 1 and 2 shows support for 

Hypothesis 2A. This comparison is descriptive and not a formal statistical comparison, as 

Experiments 1 and 2 differ in their trial configurations, but this supports the need for a follow-up 

study directly looking at this effect. 
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These results suggest a slightly greater effect of effort in Experiment 2 compared to that 

found in Experiment 1 (Experiment 1 Effort B = −1.13, 95% CI [−1.65,−0.63], BF > 1000, 

compared to Experiment 2 Effort B = −5.56, 95% CI [−8.12,−2.93], BF > 1000)). Experiment 2 

still shows a strong effect of Predictive Validity [100] (B = 24.00, 95% CI [8.98,39.83], BF > 

1000), that is in fact larger than that of Experiment 1 (B = 7.27, 95% CI [5.27,9.86], BF > 1000), 

but the interactions and increased variability in Experiment 2 result in less strongly distinct 

estimated means across Predictive Validities compared to those from Experiment 1 (see the 

earlier reported means in this section). 

The clearest takeaway from comparisons of Experiments 1 and 2 are that there is much 

more variability in responding when the predictive validity values are hidden from participants, 

and they must learn them through trial and error. Figure 29 shows the estimated conditional 

effects of the best fitting models from Experiments 1 and 2 side by side. 
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Figure 29 

Conditional Effects of Logistic Regression, PV Categorical, for Experiment 1 vs Experiment 2 

 

A.      B. 

Note. In both A. (Experiment 1) and B. (Experiment 2), the Effort variable appears as it did in 

the analyses, log transformed (log(x+1)), minimum-centered, and multiplied by −1 to ease in 

interpretation (causing the effort variable to increase instead of decrease with higher difficulty). 

Predictive Validity and Trial labels reflect their original, non-transformed values. Error ribbons 

represent 95% Credible Intervals. 

 

This difference in variability can additionally be seen in the comparisons of average cue 

visits for each Predictive Validity value and their credible intervals. For Experiment 1, PV 50, M 

= 0.01, 95% CI [0.004,0.03]; PV 67, M = 0.01, 95% CI [0.003,0.02]; PV 83, M = 0.02, 95% CI 

[0.004,0.04], and PV 100, M = 0.99, 95% CI [0.99,1.00]. These credible intervals are much 

smaller than those from Experiment 2, where PV 50, M = 0.002, 95% CI [9.40e−9,0.122]; PV 67, 

M = 0.004, 95% CI [2.80e−9,0.238]; PV 83, M = 0.01, 95% CI [7.00e−11,0.869], PV 100, M = 

0.98, 95% CI [9.04e−6,1.00]. 

This variance is only partially explained by the presence of blocks in Experiment 2. 

Figure 30 visualizes the conditional effects plot for Experiment 2 with the lines for Trial 
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(grouped by trials 1-90, 91-180, and 181-270) split into three lines each depicting the Beginning 

15 trials, Middle 15 trials, and End 15 trials of each block (this visualization with effort back-

transformed can be seen in Figure 31; for comparison, by-block figures for the best fitting model 

with Predictive Validity as a continuous predictor are in Appendix M). Although these lines 

show differences in cue visits over the course of a block, they are not as distinct as the 

differences from the 50%, 67%, and 83% cues in Experiment 1 to the 100% cue in that 

experiment (see Figures 14 and 15). The variability in responding in Experiment 2 can have 

different interpretations that will be expanded upon in the Discussion. 
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Figure 30 

Conditional Effects of Logistic Regression for Experiment 2, Separated by Block 

 

Note. In this figure, the Effort variable appears as it did in the analyses, log transformed 

(log(x+1)), minimum-centered, and multiplied by −1 to ease in interpretation (causing the effort 

variable to increase instead of decrease with higher difficulty). Predictive Validity and Trial 

labels reflect their original, non-transformed values. Time in Block represents the Beginning 15 

trials, Middle 15 trials, and End 15 trials of all blocks. Error ribbons represent 95% Credible 

Intervals. 

 

  



93 

Figure 31 

Conditional Effects of Logistic Regression for Experiment 2, Separated by Block, Back-

Transformed 

 

Note. In this figure, the Effort variable is back-transformed to its original scale but still 

multiplied by −1 to ease in interpretation (causing the effort variable to increase instead of 

decrease with higher difficulty). Predictive Validity and Trial labels reflect their original, non-

transformed values. Time in Block represents the Beginning 15 trials, Middle 15 trials, and End 

15 trials of all blocks. Error ribbons represent 95% Credible Intervals. 
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Chapter 4 - Discussion 

The present study examined how effort and predictive validity shape the search for 

information in a probabilistic environment. Building from Brunswik’s probabilistic 

functionalism (Brunswik, 1955), the search for information was conceptualized as the process of 

sampling proximal environmental cues under constraints of cost and uncertainty. Effort was 

introduced as a cost by manipulating the mouse cursor speed and cue distance in a Mouse-

Contingent Bi-Resolution Display. Both experiments in this study investigated how effort costs 

modulate cue sampling, and how the predictive validity of proximal cues guides information 

search when validity information is either provided (Experiment 1) or learned through sampling 

and feedback from the environment (Experiment 2). Across both experiments, results 

demonstrated that effort limits cue exploration in favor of exploitation of the most predictive, 

100% correct cue. The resilience of visits to the 100% cue even despite effort increases suggests 

a certainty effect for information cues. 

 Effort and Predictive Validity 

 The first set of hypotheses examined effort and predictive validity’s unique roles in 

shaping cue visits. Both experiments provided evidence that increased effort decreases the 

likelihood of sampling non-perfectly-predictive cues. There is some evidence in support of 

Hypothesis 1A, the Effort Dominance Hypothesis. Visits to the 50%, 67%, and 83% cues were 

diminished by increased effort in both Experiments 1 and 2 (see results in Table 6 and Figure 15 

for Experiment 1, and Table 11 and Figure 26 for Experiment 2). The findings of effort 

restricting visits to these three cues are consistent with Brunswik’s view of perception as an 

ecologically constrained process (Brunswik, 1955), and consistent with existing theories about 

effort shaping behavior through a cost-benefit analysis (Bialaszek et al., 2017; Hull, 1943; Kool 
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& Botvinick, 2014, 2018; Kurniawan et al., 2010; Mitchell, 2017). In Experiment 2, visits to the 

100% cue were also visibly impacted by a main effect of effort, albeit to a lesser degree (see 

comparison in Figure 29). Effort would occasionally shape cue visits towards less predictive 

cues, providing some evidence in support of Hypothesis 1B (see Appendices G and L for 

visualizations of cue visits in trials where the 100% cue was not visited), but overall, in both 

experiments the 100% cue was visited most often than any other cue. 

In both experiments, utilization of the 100% cue remained highest despite the effort 

manipulation, and this utilization was highest in Experiment 1 where participants could see 

predictive validity values next to the cues (e.g., the 100% correct cue was accompanied by a 

poignant “100”) instead of having to learn these values through trial and error. Highest 

utilization of the 100% cue in both experiments provides strong evidence in support of 

Hypothesis 1B, the Predictive Validity Dominance Hypothesis, where a need for certainty drives 

participants to seek out the most predictive information even at higher effort costs. This finding 

has similarities with the certainty effect found in probability discounting studies, where people 

overweight options they perceive as certain and underweight those they do not (Kahneman & 

Tversky, 1979; Tversky & Kahneman, 1992; Webb & Young, 2015; Young et al., 2014). This 

finding also aligns with results from other Multiple Cue Probability Learning studies, where 

participants tend to use a maximizing strategy, relying on the most valid cue of the available 

options (Little & Lewandowsky, 2012; Simon, 1955, 1956; White & Koehler, 2007). The best 

fitting models from Experiments 1 and 2 were those that treated Predictive Validity as a 

categorical variable. The large effect sizes and Bayes factors for the 100% cue in both 

experiments, contrasted with the near-zero (Experiment 1) or highly variable (Experiment 2) 
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estimates for the 50%, 67%, and 83% cues, demonstrate that participants treated 100% valid 

information as categorically distinct, a factor warranting future study. 

 The strong positive interaction between Predictive Validity and Trial in Experiment 2 

also indicates that this certainty preference grows with learning. Participants gradually converged 

on the 100% cue as they accumulated evidence of its reliability. This result illustrates the self-

reinforcing nature of valid information. Mackintosh (1975) and Le Pelley et al. (2011) discuss 

the cyclical relationship in which attention is drawn to predictive cues, and this attention 

increases our ability to learn about their predictive validity. The results of the 100% cue drawing 

more attention over the course of the study parallels this finding. 

 From these results, I can conclude that Hypothesis 1A (Effort Dominance) and 1B 

(Predictive Validity Dominance) were both supported under different conditions. Effort 

generally constrained exploration, while predictive validity drove exploitation of the 100% valid 

cue once its reliability was established. Across both experiments, positive interaction effects 

including Effort and Predictive Validity (see parameter estimates of best fitting model for 

Experiment 1 in Table 6 and for Experiment 2 in Table 11) suggest context-sensitive weighting 

consistent with the cost-benefit analyses described in the effort and decision-making literature 

(Kool & Botvinick, 2014, 2018). People appear to tolerate greater effort expenditure when the 

expected value justifies that cost. Within this experiment, that pattern is exhibited through 

participants selectively investing their effort towards perfectly predictive cues. 

 Learning vs. Known Predictive Validity 

 Differences in behavioral patterns observed between Experiments 1 and 2 showed that 

needing to learn cue validity information shaped the relative effects of effort and predictive 

validity. This pattern supported Hypothesis 2A (Effort Shaping Cue Learning) over Hypothesis 
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2B (Learning Similarly Despite Effort). Quantitatively, the main effect of Effort was larger in 

Experiment 2 (B = −5.56), than in Experiment 1 (B = −1.13), which indicates that effort deterred 

cue visits more strongly when cue validities had to be learned. This greater effect of effort was 

likely due to participants’ inability to assess whether an effort investment would be justified 

before learning the predictive validities of the cues. Conversely, when predictive validities were 

explicitly provided in Experiment 1, participants could immediately weigh effort costs against 

known information value, leading to more efficient cue sampling. 

 When predictive validities were hidden in Experiment 2, both effort and predictive 

validity main effects remained strong but were accompanied by a substantial increase in 

between-subject variability. Several cognitive factors and individual differences likely 

contributed to this heterogeneity. First, participants may have differed in how quickly they 

inferred cue reliability. Some participants reached stable cue preferences early, while others 

continued sampling (see number of cue visits per trial in Figure 21), widening credible intervals 

for mean cue visits (see best-fitting model conditional effects in Figures 23 and 24). It is also 

possible that some participants may have shifted strategies over the course of the experiment. 

Second, subjective evaluation of effort likely differed across individuals. Kool and Botvinick 

(2018) noted that individuals have unique sensitivities to effort and reward, which has made it 

difficult to identify a single best-fitting effort discounting function. Although behaviors in 

Experiment 1 would also be subject to this source of variability, it is possible this variability 

compounded with the inability to immediately discern the value to be gained by expending effort 

in Experiment 2. Finally, the block structure of Experiment 2 required learning new cue 

information in each new block. The positive interaction effect of Effort and Block suggests some 

adaptation over time, where participants became less deterred by effort across blocks, perhaps 
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reflecting habituation or improved motor efficiency. Conversely, the negative interaction effect 

between the 100% Predictive Validity cue and Block indicates that the effect of the perfectly 

predictive cue weakened slightly across blocks. This pattern could reflect decision fatigue, 

diminishing motivation as the experiment progressed, or satisfaction with viewing “good 

enough” cues (see the small positive interaction effect between the 83% Predictive Validity cue 

and Block). Individual reactions to the block structure could have contributed to the between-

subject variability, beyond what was seen in the fully-randomized trials in Experiment 1. 

 The Shape of Effort 

In the investigation of the shape of effort’s functional form, both Experiments 1 and 2 

supported a slightly convex shape for the effect of effort, closer to the functional form of delay 

discounting than some concave effort discounting functions. The best fitting log or cube-root 

transformations of the Effort variable (see Table 2 for a comparison of effort transformations for 

Experiment 1 and Table 7 for Experiment 2), and slight flattening of slopes at higher effort (see 

the conditional effect of Effort when all other variables were at their means, Figures 16 and 17 

for Experiment 1 and Figures 27 and 28 for Experiment 2), indicate that overall participants 

showed steeper initial avoidance of effort followed by relative insensitivity to further increases. 

These results support Hypothesis 3B (Largest Discounting Early) over Hypothesis 3A (Largest 

Discounting Late). Historically, the shape of effort’s discounting effect is less regularly 

replicated than that of delay discounting, however it is important to note that these mixed 

findings occur across many different effort operationalizations (Bialaszek et al., 2017; Klein-

Flugge et al., 2015; Mitchell, 2017). In general, effort encompasses a wider range of possible 

manipulations than delay discounting. Consequently, differences in how effort is operationalized 

may yield functional forms of effort that are not entirely comparable across methodologies. It is 



99 

also possible that different effort discounting studies are gathering piecewise views of a larger 

shape of effort’s functional form. If a broader function of effort were to follow an S-shape like 

the weighting function in cumulative prospect theory (Tversky & Kahneman, 1992), 

overestimating small differences in effort could result in a convex decline, whereas 

underestimating larger differences in effort up until a point where estimates return to normal 

(say, for example, at the limits of physical ability) could result in a concave shape. Such a shape 

could only be identified through a study that examined a sufficiently wide range of “effort,” 

potentially spanning multiple methodologies. Further study is certainly required to make any 

broader claims about the nature of effort’s discounting function. For the time being, this study’s 

findings regarding the shape of an effort effect adds to our understanding of what the shape of 

effort can look like, particularly in how effort shapes the search for cue information.  

 Overall, these findings support a view of information search as a process that 

continuously integrates and weighs expected information gain and effort cost to guide sampling 

in uncertain environments. These findings reflect the valuable (Dall et al., 2005) and attention-

drawing nature of predictive information (Le Pelley et al., 2011; Mackintosh, 1975). Predictive 

information also resists effort discounting more than less valid information (see Figure 29 for 

comparison of Experiments 1 and 2), showing a certainty effect for information. These findings 

improve our understanding of the methods by which we acquire and utilize proximal cues in our 

environment. 
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 Limitations 

 One limitation of this study is the sample size for Experiment 2. The initial power 

analysis from Experiment 1 was used to decide the sample size for Experiment 2, under the 

expectation that the effect of effort would be larger and likely easier to obtain in Experiment 2 

with a similarly sized sample. The large variance in response strategies of participants in 

Experiment 2 was not anticipated but makes sense in retrospect given individual differences in 

learning rates and effort tolerances. Collecting more data for a design requiring learning could 

either reduce some of the overall variance or help to identify whether the variance comes from 

distinct patterns of behavior identifiable among subgroups of the subjects with a follow-up 

cluster analysis. 

 Another methodological limitation is that the measure of effort in this study, the mouse 

speed coefficient divided by distance of the cues from screen center, inevitably covaries with the 

time it takes to visit cues. Even through participants could move their mouse or trackpad quickly 

or with more force to increase their speed in a trial with a low mouse speed coefficient, this 

larger physical movement was an option for participants and not a forced response method. In 

Experiments 1 and 2, it was found that participants moved their mouse with only somewhat more 

force to compensate for the slower speeds, resulting in speeds that were faster than would be 

produced by the same movements multiplied by the mouse speed coefficient, but still slower 

than 100% speed (see average recorded mouse speed per trial for Experiment 1 in Appendix D, 

and for Experiment 2 in Appendix J). Future designs could hold trial duration constant or use an 

effort manipulation that is wholly distinguishable from time (e.g., forcibly squeezing hand grips 

for a set amount of time vs. holding hand grips lightly for that same amount of time, see 

Bialaszek et al., 2017; Mitchell, 1999). 
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 Future Directions 

 Beyond these methodological refinements, future research could examine the effects of 

effort and predictive validity in more real-world contexts, such as medical decision-making, 

online information search, or education settings, in order to determine how these findings 

generalize to naturalistic information environments. 

 Future study could also examine predictive validities that approach, but do not reach, 

certainty. The present design contrasted a chance cue (50%) and two moderately reliable cues 

(67% and 83%) with a perfectly reliable cue (100%), revealing a categorical certainty effect for 

perfectly predictive information. Future studies could test higher but imperfect validities (e.g., 

90, 95, 98%) to determine whether the apparent discontinuity reflects a true qualitative boundary 

or a steep but continuous nonlinear function (as would be suggested by the probability weighting 

function from cumulative prospect theory; Tversky & Kahneman, 1992). Such work would 

inform whether attention and effort are uniquely shaped by absolute certainty or whether there is 

a subjective evaluation of whether a cue’s reliability has passed some decision threshold. Higher 

but imperfect validities would also more accurately reflect real-world high validity information, 

where cues are very rarely, if ever, 100% predictive. 

 Finally, future research could examine whether the value of the decision outcome 

influences how much effort people are willing to expend or how readily they accept less-valid 

cues. Individual trials or blocks could vary in reward for correct responses, or punishment for 

incorrect responses, to see whether higher stakes increase tolerance for effort costs or amplify the 

certainty effect, and if lower stakes weaken the certainty effect. 
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 Closing Remarks 

Overall, these two experiments provide converging evidence that attention is guided by 

weighting of the validity of information and the cost of effort required to obtain it. When cue 

validities are known, effort predictably shapes attention to information. When cue validities are 

initially unknown and must be learned, effort’s deterrent effect intensifies, and individual 

differences in learning rate and effort sensitivity increase behavioral variability. In both contexts, 

the shape of effort’s discounting effect appears to follow a convex form, where initial increases 

in effort sharply reduce information sampling earlier in the effort range, but additional effort 

increments produce diminishing marginal decreases later. These results extend Brunswik’s 

probabilistic framework by specifying some of the mechanisms through which cue sampling is 

constrained in the environment. These results also demonstrate that information search is 

governed by principles similar to those shaping other forms of cost-sensitive choice. Finally, 

these experiments establish a flexible, replicable paradigm for studying information search under 

effort constraints, providing a foundation for future investigations into how cognitive and 

motivational factors shape what we learn about the probabilistic world around us. 
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Appendix A - Early Pilots 

Two early pilot experiments were run, largely as a proof-of-concept and a test of the 

methodology among naïve participants. These pilots were not run with sufficient participants for 

statistical analysis, rather they were run to determine what constituted low or high levels of 

effort, and the approximate number of trials it takes participants to identify cue predictive 

validities.  

Pilot 1 consisted of five participants. Participants were presented with one practice trial to 

get brief experience moving the high-resolution window around the blurred display to visit cues. 

Participants then experienced 50 trials of low effort (100% speed), where one cue had 100% 

predictive validity (maximally informative), and the three other cues had 50% predictive validity 

(not informative). Two of the five participants identified the maximally predictive cue and were 

able to get 100% correct answers by trial 15 (see Figure 32 for the running proportion of correct 

responses for each participant). The other three participants did not. In Block 2 of the first pilot, 

the global effort was increased to high global effort (20% speed). Three participants (randomly 

assigned) got the same 100-50-50-50 distribution of cue predictive validities, and two 

participants got 75-50-50-50. Of those participants who still had a 100% cue, two of the three 

learned the maximally predictive cue and got all correct responses past trial 10. Of the two 

participants whose most valid cue was only 75%, all participants trended towards chance 

responses (50% correct). This pilot spurred the addition of more detailed instruction at the 

beginning of the experiment, plus the instantiation of a train-to-criterion practice block instead of 

one practice trial. 
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Figure 32 

Running Proportion of Correct Responses from Participants in Pilot 1 

 

Note. The line representing each participant’s running proportion of correct responses will 

deflect downwards when that participant makes an incorrect response. 

 

The second pilot had 19 participants, with 10 of them (randomly assigned) given only 

two cue options (left and right) throughout the experiment, and the remaining 9 participants 

getting the standard four cues. Each block in this pilot featured one 100% predictive validity cue, 

while the others only had 50% predictive validity. Participants experienced a practice block 

where they continued until they answered three trials correctly in a row. Following this practice 

block, participants experienced one 30-trial block with low global effort (100% speed) and the 

100% cue being near the center, then a second 30-trial block with low global effort and the 100% 

cue being far from the center, followed by one final 30-trial block with high global effort (20% 

speed) and the 100% cue being far from the center. 

In this pilot, most participants learned and solely visited the 100% correct cue, even in 

the effortful condition. Figure 33 shows the participants’ running proportion of correct responses 

during each block, and Figure 34 shows the number of cues visited by each participant per trial. 

In Block 1, 15/19 participants identified and solely relied on the 100% cue by trial 13. In Block 
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2, 16/19 participants identified and solely relied on the 100% cue by trial 13, and in Block 3 (the 

block with high global effort), 17/19 participants identified and solely relied on the 100% cue by 

trial 13. Participants with four cue options did appear to take longer to identify the 100% cue. 

Pilot 2 shows better performance following the implementation of more detailed instructions and 

a train-to-criterion pilot block. 

 

Figure 33 

Running Proportion of Correct Responses from Participants in Pilot 2 

 

Note. The line representing each participant’s running proportion of correct responses will 

deflect downwards when that participant makes an incorrect response. 
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Figure 34 

Number of Cues Visited by Participants in Pilot 2 

 

Note. Number of cues visited by each participant in each block of Pilot 2, by trial. By the end of 

the trials in a block, participants gravitate towards viewing only one cue. 
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Appendix B - Additional Raw Data Visualizations for Experiment 1 

Figure 35 

Raw Data for Experiment 1 by Effort, Predictive Validity, and Participant 

 
Note. As all original responses are 0 (cue not visited on a trial) or 1 (cue visited on a trial), raw 

data is visualized here with a cubic spline fit (λ = 22 to reduce excessive curvature and 

predictions above 1 and below 0; JMP Student Edition 18.2.1). Any predicted values above 1 and 

below 0 reflect the spline’s interpolation rather than possible likelihoods in the data. Error 

ribbons represent JMP’s bootstrapped confidence region for the spline fits. 
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Figure 36 

Raw Data for Experiment 1 by Mouse Speed, Distance, Predictive Validity, and Trial.  

 
Note. In this figure the combined effort term is split into its component parts of mouse speed 

coefficient (multiplied by −1 such that lower, more effortful speeds reflect higher values) and 

distance (in proportion of screen height). This visualization shows no large discrepancies in 

responses that would caution against the usage of a combined effort term. As all original 

responses are 0 (cue not visited on a trial) or 1 (cue visited on a trial), raw data is visualized here 

with a cubic spline fit (λ = 0, i.e., no smoothing; JMP Student Edition 18.2.1). Error ribbons 

represent JMP’s bootstrapped confidence region for the spline fits. 
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Appendix C - Trial Duration Visualizations for Experiment 1 

Figure 37 

Trial Duration (Including ITI) by Number of Cues Visited for Experiment 1. 

 
Note. This figure shows all 8100 trials experienced by participants (30 participants with 270 

trials each), minus 37 trials with durations longer than 120 s. 
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Figure 38 

Trial Duration (Including ITI) by Number of Cues Visited for Experiment 1, Zoomed In 

 
Note. This figure shows all 8100 trials experienced by participants (30 participants with 270 

trials each), minus 92 trials with durations longer than 60 s. 

 

Table 12 
Descriptive Statistics for Trial Duration (Including ITI)  

by Number of Cues Visited for Experiment 1 

Number of Cues Visited Mdn IQR 
0 11.55 [3.49, 17.97] 
1 6.06 [4.95, 7.83] 
2 6.39 [4.93, 8.82] 
3 7.82 [6.17, 11.70] 
4 10.56 [8.37, 14.91] 
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Appendix D - Average Speed by Mouse Setting, Experiment 1 

Figure 39 

Trial Average Speed by Mouse Speed Coefficient Setting for Experiment 1 

 

Note. This figure shows the average speed in screen height units per second for the 8100 trials 

experienced by participants (30 participants with 270 trials each). When the mouse speed was 

unchanged from the participants’ normal speed, participants averaged a median of 0.47 screen 

height / s (IQR = [0.30, 0.68]). Diamonds on the plots for the 0.2 and 0.8 speed coefficients 

represent the anticipated outcome speeds relative to this 100% speed outcome (80% × 0.47 = 

0.38; 20% × 0.49 = 0.09). When the mouse speed was set to 80% of its original speed, 

participants moved at a median speed of 0.41 screen height / s (IQR = [0.25 , 0.59]; 87% of the 

median for 100% speed). This faster outcome speed is possible by moving the mouse or trackpad 

physically more in a shorter amount of time than was done at the 100% speed setting. 
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Participants appeared to make even larger physical movements to compensate for the slowest 

mouse speed of 20%, with participants moving a median of 0.16 screen height / s (IQR = [0.09 , 

0.25]; 34% of the median for 100% speed). 

 

Figure 40 

Trial Average Speed by Mouse Speed Coefficient Setting for Experiment 1, by Participant 

 

Note. This figure shows the average speed in screen height units per second for each participant 

(90 trials per speed coefficient per participant). 
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Appendix E - Frequentist Models, Continuous PV, Experiment 1 

Table 13 

Model Comparisons for Logistic Regressions Predicting Likelihood of Cue Visits for Experiment 

1 

Model Random Effects Syntax AIC 
1. Intercept Only (1 | Participant) 19164.27 
 
2. Only Main Effects 

 
(1 + Effort+ Predictive Validity + Trial | Participant) 15625.01 

 
3. Main Effects and  
Two-Way 
Interactions 

 
(1 + Effort + Predictive Validity + Trial +  

Effort : Predictive Validity + Effort : Trial +  
Predictive Validity : Trial | Participant) 

 
14504.86 

Note. Model comparisons for multilevel logistic regressions predicting likelihood of cue visits. 

Models only differed in their random effects. The fixed effects Effort, Predictive Validity, Trial, 

and their interactions, were kept the same for all models. The parameter of “Effort” is made up 

of -1(log(Effort + 1) centered by its minimum. The parameter of “Predictive Validity” is made 

up of log(predictive validity + 1) centered by its minimum. The parameter of Trial is made up of 

trial number / 270. The R syntax for each random effect structure is included. A model with a 

three-way interaction in the random effects was not included as the model did not converge with 

bobyqa, nloptr, or Nelder-Mead optimizers. With the lowest AIC value, Model 3 was chosen as 

the best fit.  
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Table 14 

Parameter Estimates for Logistic Regression Predicting Likelihood of Cue Visits for Experiment 

1 

            B           SE           z  p 
Intercept  −5.05      1.31   −3.87 <.001 
Effort −4.26      0.82   −5.21 <.001 
Predictive Validity 9.79      2.10    4.67 <.001 
Trial  −8.31      2.19   −3.80 <.001 
Effort × Predictive Validity 6.65      1.47    4.51 <.001 
Effort × Trial −4.39      0.56   −7.83 <.001 
Predictive Validity × Trial 13.22      3.74    3.53 <.001 
Effort × Predictive Validity × Trial 7.03      0.85    8.32   <.001 

Note. Parameter estimates for the multilevel logistic regression predicting likelihood of cue 

visits. The parameter of “Effort” is made up of −1(log(Effort + 1) centered by its minimum. The 

parameter of “Predictive Validity” is made up of log(predictive validity + 1) centered by its 

minimum. The parameter of Trial is made up of trial number / 270. This model included random 

intercept and slope effects of effort, predictive validity, trial, and all possible two-way 

interactions. Estimates are given in log odds space. 
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Figure 41 

Conditional Effects of Frequentist Logistic Regression for Experiment 1 

 

Note. In this figure, the Effort variable appears as it did in the analyses, log transformed 

(log(x+1)), minimum-centered, and multiplied by −1 to ease in interpretation (causing the effort 

variable to increase instead of decrease with higher difficulty). Predictive Validity and Trial 

labels reflect their original, non-transformed values. Error ribbons represent 95% Confidence 

Intervals. 
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Appendix F - Frequentist Models, Categorical PV, Experiment 1 

Table 15 

Model Comparisons for Logistic Regressions with Predictive Validity as a Categorical Variable 

Predicting Likelihood of Cue Visits for Experiment 1 

Model Random Effects Syntax    AIC 
1. Intercept Only (1 | Participant) 12448.13 
 
2. Only Main Effects 

 
(1 + Effort + Predictive Validity + Trial | Participant) 

 
10625.89 

 
3. Main Effects and  
Two-Way 
Interactions 

 
(1 + Effort + Predictive Validity + Trial +  

Effort : Predictive Validity + Effort : Trial +  
Predictive Validity : Trial | Participant) 

 
10468.71 

 
4. Main Effects and 
All Interactions 

 
(1 + Effort × Predictive Validity × Trial | Participant) 

 
10539.25 

Note. Model comparisons for multilevel logistic regressions with Predictive Validity as a 

categorical variable predicting likelihood of cue visits for Experiment 1. Models only differed in 

their random effects. The fixed effects Effort, Predictive Validity, Trial, and their interactions, 

were kept the same for all models. The parameter of “Effort” is made up of −1(log(Effort + 1) 

centered by its minimum. The parameter of “Predictive Validity” is made up of log(predictive 

validity + 1) centered by its minimum. The parameter of Trial is made up of trial number / 270. 

Models 3 and 4 were run with the nloptr optimizer to aid with convergence. The R syntax for 

each random effect structure is included. With the lowest AIC value, Model 3 was chosen as the 

best fit. For comparison, the best fitting model with Predictive Validity as a continuous predictor 

had an AIC of 14504.86. 
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Table 16 

Parameter Estimates for Logistic Regression with Predictive Validity as a Categorical Variable 

Predicting Likelihood of Cue Visits for Experiment 1 

     B                SE           z                   p 
Intercept −1.86 0.49 −3.80 <.001 
Effort −1.11 0.33 −3.37 <.001 
Predictive Validity [67] 0.36 0.28 1.29 .20 
Predictive Validity [83] 0.51 0.29 1.75 .08 
Predictive Validity [100] 6.62 0.94 7.04 <.001 
Trial −1.90 0.72 −2.66 .008 
Effort: Predictive Validity [67] 0.10 0.30 0.32 .75 
Effort: Predictive Validity [83] 0.29 0.29 1.00 .32 
Effort: Predictive Validity [100] 1.17 0.60 1.96 .05 
Effort:Trial −1.39 0.61 −2.26 .02 
Predictive Validity [67]:Trial −0.69 0.58 −1.18 .24 
Predictive Validity [83]:Trial −0.53 0.56 −0.95 .34 
Predictive Validity [100]:Trial 8.21 2.33 3.52 <.001 
Effort:Predictive Validity [67]:Trial −0.49 0.54 −0.91 .36 
Effort: Predictive Validity [83]:Trial −0.26 0.50 −0.51 .61 
Effort: Predictive Validity [100]:Trial −0.37 0.87 −0.43 .67 

Note. Parameter estimates for the multilevel logistic regression predicting likelihood of cue 

visits. The parameter of “Effort” is made up of −1(log(Effort + 1) centered by its minimum. The 

parameter of “Predictive Validity” is made up of log(predictive validity + 1) centered by its 

minimum. The labels of the Predictive Validity levels are written in their original scale (67, 83, 

100). The categorical variable of Predictive Validity is dummy coded, with the minimum level 

50 as the reference level. The parameter of Trial is made up of trial number / 270. This model 

included random intercept and slope effects of effort, predictive validity, trial, and all possible 

two-way interactions. Estimates are given in log odds space. 
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Figure 42 

Conditional Effects of Frequentist Logistic Regression with Categorical PV for Experiment 1 

 

Note. In this figure, the Effort variable appears as it did in the analyses, log transformed 

(log(x+1)), minimum-centered, and multiplied by −1 to ease in interpretation (causing the effort 

variable to increase instead of decrease with higher difficulty). Predictive Validity and Trial 

labels reflect their original, non-transformed values. Error ribbons represent 95% Confidence 

Intervals. 
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Appendix G - Non-100 Cue Visit Trials, Experiment 1 

Figure 43 

Raw Data for Cue Visits on Trials Where the 100 Cue was not Visited, Experiment 1 

 

Note. This figure shows the 609 instances where the 100% Predictive Validity cue was not 

visited, out of 8,100 total trials from all participants (30 participants × 270 trials). As all original 

responses are 0 (cue not visited on a trial) or 1 (cue visited on a trial), raw data is visualized here 

with a cubic spline fit (λ = 0, i.e., no smoothing; JMP Student Edition 18.2.1). Error ribbons 

represent JMP’s bootstrapped confidence region for the spline fits. 
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Appendix H - Additional Raw Data Visualizations for Experiment 2 

Figure 44 

Raw Data for Experiment 2 by Effort, Predictive Validity, and Participant 

 
Note. As all original responses are 0 (cue not visited on a trial) or 1 (cue visited on a trial), raw 

data is visualized here with a cubic spline fit (λ = 22 to reduce excessive curvature and 

predictions above 1 and below 0; JMP Student Edition 18.2.1). Any predicted values above 1 and 

below 0 reflect the spline’s interpolation rather than possible likelihoods in the data. Error 

ribbons represent JMP’s bootstrapped confidence region for the spline fits. 
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Figure 45 

Raw Data for Experiment 2 by Mouse Speed, Distance, Predictive Validity, and Trial.  

 
Note. In this figure the combined effort term is split into its component parts of mouse speed 

coefficient (multiplied by −1 such that lower, more effortful speeds reflect higher values) and 

distance (in proportion of screen height). This visualization shows no large discrepancies in 

responses that would caution against the usage of a combined effort term. As all original 

responses are 0 (cue not visited on a trial) or 1 (cue visited on a trial), raw data is visualized here 

with a cubic spline fit (λ = 0, i.e., no smoothing; JMP Student Edition 18.2.1). Error ribbons 

represent JMP’s bootstrapped confidence region for the spline fits. 
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Appendix I - Trial Duration Visualizations for Experiment 2 

Figure 46 

Trial Duration (Including ITI) by Number of Cues Visited for Experiment 2 

 
Note. This figure shows all 8370 trials experienced by participants (31 participants with 270 

trials each), minus 3 trials with durations longer than 120 s. 
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Figure 47 

Trial Duration (Including ITI) by Number of Cues Visited for Experiment 2, Zoomed In 

 
Note. This figure shows all 8370 trials experienced by participants (31 participants with 270 

trials each), minus 24 trials with durations longer than 60 s. 
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Table 17 
Descriptive Statistics for Trial Duration (Including ITI)  

by Number of Cues Visited for Experiment 2 

Number of Cues Visited Mdn IQR 
0 5.48 [3.81, 12.26] 
1 4.39 [3.66, 5.65] 
2 6.35 [4.98, 8.13] 
3 5.85 [4.77, 7.79] 
4 8.54 [6.92, 11.38] 
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Appendix J - Average Speed Per Mouse Setting, Experiment 2 

Figure 48 

Trial Average Speed by Mouse Speed Coefficient Setting for Experiment 2 

 

Note. This figure shows the average speed in screen height units per second for the 8370 trials 

experienced by participants (31 participants with 270 trials each). When the mouse speed was 

unchanged from the participants’ normal speed, participants averaged a median of 0.49 screen 

height / s (IQR = [0.28, 0.73]). Diamonds on the plots for the 0.2 and 0.8 speed coefficients 

represent the anticipated outcome speeds relative to this 100% speed outcome (80% × 0.49 = 

0.39; 20% × 0.49 = 0.10). When the mouse speed was set to 80% of its original speed, 

participants moved at a median speed of 0.43 screen height / s (IQR = [0.25 , 0.67]; 88% of the 

median for 100% speed). This faster outcome speed is possible by moving the mouse or trackpad 

physically more in a shorter amount of time than was done at the 100% speed setting. 
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Participants appeared to make even larger physical movements to compensate for the slowest 

mouse speed of 20%, with participants moving a median of 0.19 screen height / s (IQR = [0.11 , 

0.35]; 39% of the median for 100% speed). 

Figure 49 

Trial Average Speed by Mouse Speed Coefficient Setting for Experiment 2, by Participant 

        

Note. This figure shows the average speed in screen height units per second for each participant 

(90 trials per speed coefficient per participant). 
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Appendix K - Frequentist Models, Continuous PV, Experiment 2 

Table 18 

Model Comparisons for Logistic Regressions Predicting Likelihood of Cue Visits for Experiment 

2 

Model Random Effects Syntax             AIC 
1. Intercept Only (1 | Participant) 26353.54 
 
2. Only Main Effects 

 
(1 + Effort + Predictive Validity + Trial + 

Block| Participant) 

 
22783.15 

Note. Model comparisons for multilevel logistic regressions predicting likelihood of cue visits 

for Experiment 2. Models only differed in their random effects. The fixed effects Effort, 

Predictive Validity, Trial, and their interactions, were kept the same for all models. The 

parameter of “Effort” is made up of −1(log(Effort + 1) centered by its minimum. The parameter 

of “Predictive Validity” is made up of log(predictive validity + 1) centered by its minimum. The 

parameter of Trial is made up of trial number / 270. The R syntax for each random effect 

structure is included. All models with interactions in the random effects structure did not 

converge with bobyqa, nloptr, or Nelder-Mead optimizers. With the lowest AIC value of the 

converging models, Model 2 is the best fit.  
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Table 19 

Parameter Estimates for Logistic Regression Predicting Likelihood of Cue Visits for Experiment 

2 

        B SE z           p 
Intercept  -1.29 0.73 -1.75 .07 
Effort -3.49 0.36 -9.76 < .0001 
Predictive Validity 5.54 0.82 6.78 < .0001 
Trial -47.69 3.15 -15.14 < .0001 
Block 5.04 0.47 10.76 < .0001 
Effort × Predictive Validity 3.99 0.63 6.31 < .0001 
Effort × Trial -5.96 1.96 -3.04 .002 
Predictive Validity × Trial 71.24 3.83 18.62 < .0001 
Effort × Block 1.67 0.30 5.62 < .0001 
Predictive Validity × Block -8.61 0.58 -14.80 < .0001 
Trial × Block 1.77 0.18 9.78 < .0001 
Effort × Predictive Validity × Trial 14.84 3.73 3.97 < .0001 
Effort × Predictive Validity × Block -3.00 0.57 -5.24 < .0001 
Effort × Trial × Block -0.37 0.19 -1.89 .06 
Predictive Validity × Trial × Block -1.72 0.37 -4.63 < .0001 
Effort × Predictive Validity × Trial × Block 0.15 0.39 0.39 .70 

Note. Parameter estimates for the multilevel logistic regression predicting likelihood of cue visits 

for Experiment 2. The parameter of “Effort” is made up of −1(log(Effort + 1) centered by its 

minimum. The parameter of “Predictive Validity” is made up of log(predictive validity + 1) 

centered by its minimum. The parameter of Trial is made up of trial number / 270. This model 

included random intercept and slope main effects of effort, predictive validity, trial, and block. 

Estimates are given in log odds space. 
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Figure 50 

Conditional Effects of Logistic Regression for Experiment 2, with Predictive Validity as 

Continuous Variable 

 

Note. In this figure, the Effort variable appears as it did in the analyses, log transformed 

(log(x+1)), minimum-centered, and multiplied by −1 to ease in interpretation (causing the effort 

variable to increase instead of decrease with higher difficulty). Predictive Validity and Trial 

labels reflect their original, non-transformed values. Error ribbons represent 95% Confidence 

Intervals. 
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Appendix L - Non-100 Cue Visit Trials, Experiment 2 

Figure 51 

Raw Data for Cue Visits on Trials Where the 100 Cue was not Visited, Experiment 2 

 

Note. This figure shows the 1,929 instances where the 100% Predictive Validity cue was not 

visited, out of 8,370 total trials from all participants (31 participants × 270 trials). As all original 

responses are 0 (cue not visited on a trial) or 1 (cue visited on a trial), raw data is visualized here 

with a cubic spline fit (λ = 0, i.e., no smoothing; JMP Student Edition 18.2.1). Error ribbons 

represent JMP’s bootstrapped confidence region for the spline fits. 
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Appendix M - Conditional Effects for Experiment 2, by Block 

Figure 52 

Conditional Effects of Logistic Regression for Experiment 2, Continuous PV, Separated by Block 

 
Note. In this figure, the Effort variable appears as it did in the analyses, log transformed 

(log(x+1)), minimum-centered, and multiplied by −1 to ease in interpretation (causing the effort 

variable to increase instead of decrease with higher difficulty). Predictive Validity and Trial 

labels reflect their original, non-transformed values. Time in Block represents the Beginning 15 

trials, Middle 15 trials, and End 15 trials of all blocks. Error ribbons represent 95% Credible 

Intervals. 
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Figure 53 

Conditional Effects of Logistic Regression for Experiment 2, Continuous PV, Separated by 

Block, Back Transformed

 

Note. In this figure, the Effort variable is back-transformed to its original scale but still 

multiplied by −1 to ease in interpretation (causing the effort variable to increase instead of 

decrease with higher difficulty). Predictive Validity and Trial labels reflect their original, non-

transformed values. Time in Block represents the Beginning 15 trials, Middle 15 trials, and End 

15 trials of all blocks. Error ribbons represent 95% Credible Intervals. 


