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Interactions Between Global and Local Performance Incentives on Decision-Making and 

Categorization 

Darrell Andrew Worthy, Ph.D. 
 

University of Texas at Austin, 2010 
 

Supervisor, W. Todd Maddox 

Recent work has shown that the regulatory fit between global approach/avoidance 

goals and the local approach/avoidance mechanisms of goal pursuit influence cognition 

and behavior in predictable ways.  A regulatory fit leads to an increase in motivation and 

engagement relative to a regulatory mismatch.  The increase in engagement can lead to 

an increase in cognitive flexibility on cognitively demanding tasks.  This work is 

composed of three inter-related studies that examine how the fit between global 

performance incentives and local mechanisms of goal pursuit influence decision-making 

and categorization.  In Study 1 I examine how the interaction between global 

performance incentives and local goal pursuit mechanisms influences decision-making 

strategies in an experience-based decision-making paradigm.  In this paradigm decision-

making strategies can be classified as more exploratory or more exploitative.  I find that 

participants in a regulatory fit would exhibit more exploratory decision-making patterns 

than participants in a regulatory mismatch.   

In Study 2 I examine how social pressure is related to approach and avoidance-

based performance incentives using two types of category-learning tasks.  I test the 

hypothesis that increasing performance pressure will induce an avoidance-based 

prevention focus which then interacts with the local mechanism of goal pursuit employed 
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in the task (maximizing points gained or minimizing points lost). Participants either 

perform an explicit, rule-based category-learning task, or an implicit information-

integration category-learning task.  Behavioral and model-based analyses support the 

hypothesis that social pressure induces a prevention focus.  When the pressure-induced 

prevention focus aligns with the local goal-pursuit mechanism participants perform better 

on the rule-based task, but worse on the information-integration task. 

Study 3 examines the effects of social pressure on categorization in highly-trained 

participants.  Participants performed over 2500 training trials of either a rule-based or an 

information-integration category-learning task, and then performed another 640 trials 

after half received a manipulation designed to raise social pressure.  Performance was 

worse on both the rule-based and information-integration task for participants who were 

under high social pressure compared to participants under low social pressure.   

The results from all three projects suggest that motivational incentives have a 

large effect on cognitively demanding tasks.   
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1. Introduction 
 

The motivation behind perhaps all human decisions and actions could be 

characterized as either approach or avoidance-based.  For example, one could seek to 

either be on time for a meeting or to avoid being late for a meeting.  Likewise, one could 

desire to earn a particular score on an exam or to avoid falling below a particular score.  

In both cases the goal is essentially the same, but the motivational frame by which one 

views the goal differs.  In these and numerous other instances, a goal can be framed as 

approaching a desired end-state (e.g. being on time or earning a particular score), or 

avoiding a negative end-state (e.g. being late or scoring too low).  The approach-

avoidance dichotomy is well-established in the traditional psychology of motivation 

literature (e.g. Lewin, 1935; Hull, 1938; McClelland, Atkinson, Clark, & Lowell, 1953; 

Mowrer, 1960).   

 More recently a number of theorists have posited the existence of two underlying 

motivational systems that combine behavior and affect.  One system is responsible for 

facilitating behavior and generating positive affect, and the other system is responsible 

for inhibiting behavior and generating negative affect (e.g. Cacioppo & Bernston, 1994; 

Dickson and Dearing, 1979, Lang, 1995; Macintosh, 1983; Solomon & Corbitt, 1974; see 

also Elliot & Thrash, 2001).  Gray (1970, 1981, 1982) has labeled these two systems the 

behavioral activation system (BAS), which is posited to facilitate behavior and produce 

positive affect, and the behavioral inhibition system (BIS), which is posited to inhibit 

behavior and produce negative affect (see also Carver & White, 1994).   

Similarly, Higgins has incorporated the approach-avoidance dichotomy into his 

Regulatory Focus theory (Higgins, 1997; 2000).  Regulatory Focus theory posits that 
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organisms adopt one of two psychologically distinct types of regulatory foci, promotion 

or prevention, when pursuing a goal.   In this framework individuals engage distinct 

motivational systems related to these foci.  People with a promotion focus are sensitive to 

potential gains in their environment.  In contrast, people with a prevention focus are 

sensitive to potential losses in their environment.  The type of motivational system that is 

engaged influences how people interact with the environment.  There is extensive 

evidence for these two distinct types of regulatory foci, both as situationally-induced 

orientations and as chronic dispositional traits (e.g. Higgins and Spiegel, 2004; Higgins, 

1997; 2000; Grant, Chen Idson, & Higgins, 2001).    

 Regulatory Focus theory also posits that one’s regulatory focus, or goal 

orientation, interacts with the manner in which a goal is pursued to affect the regulatory 

fit that one experiences (Shah & Higgins, 1997; Aaker and Lee, 2004; Higgins, 2000).  

People experience a regulatory fit when the manner in which they pursue their goal is 

consistent with their goal orientation.  For example, a woman with a promotion focus 

who pursues her approach goal by trying to maximize potential gains (e.g., an approach 

mechanism) is experiencing a regulatory fit.  It has been argued that a regulatory fit leads 

to an increased sense of “feeling right” (e.g. Higgins, 2000; 2005, Camacho, Higgins, & 

Luger, 2003), and that a fit leads to an increase in the value of the experience.  It has been 

demonstrated that the value experienced from a regulatory fit can be transferred to the 

subsequent evaluation of objects (e.g. Higgins, Idson, Freitas, Spiegel, & Molden, 2005; 

Forster & Higgins, 2005; Avnet & Higgins, 2003).  A fit has also been shown to increase 

the level of motivation strength during goal pursuit (e.g. Lockwood, Jordan & Kunda, 

2002; Spiegel, Grant-Pillow, & Higgins, 2004), to increase perceived message 
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persuasiveness (e.g. Lee & Aaker, 2004; Cesario, Grant, & Higgins, 2004), and to 

increase processing fluency (e.g. Aaker & Lee, 2004).   

 Regulatory fit also affects behavior on cognitively demanding tasks.  A fit leads to 

better performance on anagram-solving tasks (e.g. Shah, Higgins, & Friedman, 1998; 

Forster, Higgins, & Idson, 1998), and on rule-based category-learning tasks (e.g. 

Maddox, Baldwin & Markman, 2006; Grimm, Markman, Maddox, & Baldwin, 2008; 

Markman, Baldwin, & Maddox, 2005).  The better performance on cognitively 

demanding tasks for participants in a regulatory fit may be due to increases in 

motivational strength and engagement when performing the task.  Participants may 

devote more executive attention resources to the task and have more cognitive flexibility 

when their regulatory focus matches the manner of goal pursuit employed in the task.  

Interestingly, a regulatory fit may lead to worse performance on some tasks which are 

harmed by increases in executive attention resources and cognitive flexibility.  This has 

been demonstrated using information-integration category learning tasks which require a 

more procedural form of learning (e.g. Maddox, et al., 2006; Grimm et al., 2008).   

The approach of the current dissertation is to extend the regulatory focus 

framework into decision-making, and also to examine whether social pressure induces a 

prevention focus that affects behavior in category-learning tasks.  This will be done in 

Studies 1 and 2.  Studies 1 and 2 examine how motivation affects performance during 

learning.  The participants used are novices without any experience on the tasks used in 

the experiments.   

In Study 3 I examine how pressure affects performance on category-learning tasks 

when the tasks have already been well-learned.  Participants undergo over 2500 training 
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trials before being given the social pressure manipulation.  Study 3 provides valuable 

insight into how motivational factors influence performance once a level of expertise has 

been attained.  Motivation is central to action.  Nearly all real-world situations involve 

some type of motivational incentive, and people faced with these incentives can have 

different levels of experience with the tasks at hand.  My dissertation provides valuable 

insight into how different motivational factors influence performance in a variety of 

situations. In the following sections I will first give brief overviews of the experimental 

paradigms used, experience-based decision-making and perceptual category learning.  I 

will then provide overviews for each study. 

1.1 Overview of Experience-Based Decision-Making 

I implement an experience-based decision-making paradigm (similar to the Iowa 

Gambling Task, e.g. Bechara Damasio, Tranel, & Damasio, 2005) where participants 

repeatedly choose from more than one of several deck of cards and are given points as 

feedback.  Participants must learn which decks give the best reward values through 

experience.  As participants progress through the task they develop expected reward 

values for each option and they must choose whether to exploit the option with the 

highest expected reward value, or explore options with lower expected reward values to 

ensure that they have accurate information about the breadth of rewards available in the 

environment. 

These two strategies, exploitation and exploration, can be placed along a 

continuum.  In some situations exploitation of the best reward is optimal, but in others 

exploration of options with lower expected values is optimal.  The reward structure of the 

task can be designed to favor ether an exploratory or an exploitative decision making 
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strategy.  For example, one deck could consistently give better rewards throughout the 

entire task.  This reward environment would favor an exploitative strategy because 

selecting any deck other than the one that gives the best reward would be sub-optimal.  In 

contrast, the rewards given for each deck could fluctuate throughout the task.  Such a 

reward environment would favor exploration of a variety of options because continued 

exploitation would be sub-optimal once the rewards given for each deck change.  

Manipulating the optimal strategy in the task is one way to test whether motivational 

incentives influence the types of decision-making behavior exhibited in the task. 

These tasks are also valuable because there are well developed models that can 

help identify strategies used in the task.  I use a simple reinforcement learning model to 

directly parameterize the degree of exploitation or exploration exhibited while 

performing the task (Sutton and Barto, 1998).  This model allows me to gain a more 

complete understanding of the different types of strategies employed by participants 

when making decisions, and will thus help identify motivation-based differences in 

decision-making strategies. 

1.2 Overview of Perceptual Category-Learning 

There is abundant evidence for two dissociable category-learning systems: an 

explicit hypothesis testing system and an implicit procedural learning system that 

compete to control classification responses (Ashby, Alfonso-Reese, Turken, & Waldron, 

1998; Maddox & Ashby, 2004; Ashby & Ell, 2001; Maddox, Ashby, & Bohil, 2003; 

Maddox, Bohil, & Ing, 2004; Maddox & Ing, 2005; Nomura, Maddox, Filoteo, Ing, 

Gitelman, Parrish, Mesulam, & Reber, 2007).  The hypothesis testing system learns by 

developing verbalizable strategies and then implementing and refining the strategy that 
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leads to the best performance.  In contrast, the procedural learning system does not 

implement verbalizable strategies, but instead learns by developing stimulus-response 

associations.  The hypothesis-testing system is believed to govern responding initially, 

with control gradually being passed to the procedural system when the hypothesis-testing 

system cannot efficiently solve the task.   

Research on perceptual classification typically focuses on two tasks (e.g. Maddox 

& Ashby, 2004).  Rule-based classification tasks, which are mediated by the hypothesis-

testing system, and information-integration classification tasks, which are mediated by 

the procedural learning system.  Figure 1a shows a plot of stimuli for a rule-based 

category structure.  In this plot the stimuli are sine-wave gradients that vary in their 

spatial frequency and spatial orientation.  The stimuli are classified into each category 

based on their spatial frequency.  Thus a verbalizable rule such as 

If the spatial frequency is low (e.g., the bars are wide) the stimulus belongs in 

Category A (represented in the plot by white squares), but if the spatial frequency 

is high (e.g., the bars are narrow) it belongs in Category B (represented by black 

diamonds)”  

can be used to solve the task.  To perform well in this task participants must try a number 

of verbalizable rules and then eventually conclude that the rule that best separates stimuli 

into each category is on the spatial frequency dimension.  To do this the participant must 

receive feedback about whether the rule they used on a given trial led to the correct 

response.  If it did not, they must consider whether to alter their criterion along the same 

dimension or to switch to a qualitatively different rule.        

Figure 1b shows a plot of an information-integration category structure.  Here 
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there is no verbalizable rule that can be used to separate the stimuli from each category.  

The rule that separates the categories might best be described as  

If the spatial orientation of the stimulus is greater than its spatial frequency then it 

is in Category A (represented by the white squares), otherwise it is in Category B 

(represented by black diamonds).   

This rule is difficult or impossible to use in hypothesis testing, because it requires a 

relative comparison across different stimulus dimensions that are measured on radically 

different scales.  Instead, this structure must be learned by the procedural learning 

system.  The procedural system learns by developing stimulus-response associations.  

Research in neuroscience suggests this system may involve the posterior caudate nucleus 

in the brain.  Medium-spiny cells of the caudate are proposed to integrate information 

about the visual properties of the stimulus with information about the motor processes 

involved in the response (e.g. Wickens, 1993).  The synapses that are responsible for the 

development and maintenance of stimulus-response associations are strengthened by 

dopamine reward signals that occur when feedback is received.   

1.3 Overview of Study 1 

 The approach of the current dissertation is to extend the regulatory focus 

framework into decision-making, and also to examine whether social pressure induces a 

prevention focus in the individual.  Study 1 examines how regulatory fit affects decision-

making.  The study  uses a manipulation that has previously been shown to induce either 

a global promotion or prevention regulatory focus (e.g. Maddox et al., 2006).  This study 

also manipulates the local reward structure of the task.  Participants perform the task with 

either an approach-based gains reward structure where they are given points for each 
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decision they make and are asked to maximize the total number of points gains, or an 

avoidance-based losses reward structure where they lose points for every decision they 

make and are asked to minimize the number of total points lost.  The local reward 

structure is proposed to interact with the global regulatory focus to create either a 

regulatory fit (promotion focus + gains reward structure, or prevention focus + losses 

reward structure) or a regulatory mismatch (promotion focus + losses reward structure, or 

prevention focus + gains reward structure).   

 Study 1 uses an experience-based decision-making paradigm where participants 

must sample from more than one option and determine which option gives the best 

reward.  I use a sophisticated model-based approach as a tool for analyzing the data.  The 

model determines expected values for each option that are based on the previous rewards 

received from selecting each option.  Decision-making behavior can be classified along 

the exploration-exploitation continuum.  Exploratory decision-making is defined within 

the current paradigm as a willingness to sample options with lower expected values than 

other options.  Exploitative decision-making is defined as selecting the option with the 

highest expected value.  The model directly parameterizes the degree to which 

participants’ decision-making behavior is more exploitative or more exploratory.   

 I propose that a regulatory fit should lead to an increased tendency to explore 

options with lower expected values in order to gain more information about the 

environment.  This is because a fit should lead to increases in motivational strength and 

engagement in the task.  A fit should also lead to an increased sense of feeling right. This 

should lead to an increased willingness to explore a variety of options.  In contrast, a 

mismatch should lead to more exploitation because participants will not feel as 
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comfortable in the task and will focus on simple, exploitative strategies.   

1.4 Overview of Study 2 

Study 2 examines how social pressure affects category learning.  The working 

hypothesis is that social pressure induces a global prevention focus that has similar 

effects to the focus incentive manipulations used in the studies cited above.  Studies 2 and 

3 incorporate the same type of reward structure manipulations used in Study 1 where 

participants either attempt to maximize gains or minimize losses on a trial-by-trial basis.  

The interaction between the pressure manipulation and the local reward structure given to 

participants should affect the degree of regulatory fit or mismatch experienced in the task.  

These studies provide valuable contributions to research on both choking under pressure 

and regulatory focus.   

Laboratory research on choking under pressure often involves instantiating a 

choking manipulation that combines social and monetary incentives.  A common 

manipulation used is one where participants are paired with a fictional partner and told 

that they can earn a monetary bonus if both they and their partner achieve a certain 

performance criterion.  The participant is then told that their partner has already 

performed the task and has reached the bonus criterion.  The pressure is then on the 

participant to do their part and avoid letting their partner down by underperforming (e.g. 

Markman, Maddox, & Worthy, 2006; Beilock and Carr, 2001; Gray, 2004; Beilock, 

Kulp, Holt, & Carr, 2005; Beilock and Carr, 2005; Beilock and DeCaro, 2007).   

One prominent view of choking under pressure is the Distraction hypothesis.  On 

this view, pressure leads to a decrease in executive resources, which harms performance 

on cognitive tasks (Beilock et al., 2004, Beilock and Carr, 2005).  Markman et al. (2006) 
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tested this hypothesis using category-learning tasks.  If pressure leads to a decrease in 

executive resources then participants under pressure should choke on rule-based tasks. 

(e.g. Decaro, Thomas, & Beilock, 2008; see also Ashby & Maddox, 2005; Ashby, 

Alfonso-Reese, Turken and Waldron, 1998).   

Markman et al. (2006) found results consistent with this prediction.  Participants 

performing rule-based tasks under pressure had lower accuracy levels, and a lower 

proportion of their data sets were fit best by rule-based models (i.e., their data sets did not 

show evidence that the optimal strategy was used to classify the items) than participants 

performing the task under no pressure.  Interestingly, my view that pressure induces a 

prevention focus leads to an identical prediction for participants performing the task with 

a gains reward structure (as used above).  Participants under pressure should be in a 

regulatory mismatch when they are performing the task with a gains reward structure so 

they should perform worse on rule-based tasks.  Importantly, my view predicts the 

opposite for participants under pressure when they complete a task with a losses reward 

structure. 

To test the hypothesis that pressure induces a prevention focus, Study 2 has 

participants perform the same task with a losses reward structure.  Critical to the view 

that pressure induces a prevention focus is the hypothesis that participants under low 

pressure are in a promotion focus.  I propose that these participants are in a promotion 

focus because they are simply approaching the goal of satisfactorily completing the 

experiment and earning the required course credit for their participation.  Thus, low 

pressure participants should be in a regulatory mismatch when they are performing the 

task with losses and in a regulatory fit when they are performing the task with gains.  
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When performing rule-based classification tasks with a losses reward structure 

participants under pressure should now excel because they are actually in a regulatory fit 

(i.e., pressure-induced prevention focus combined a losses reward structure).  Participants 

under low pressure should underperform on rule-based tasks that are framed in losses 

because they are in a regulatory mismatch.  

1.5 Overview of Study 3 

 Study 3 examines the effects of social pressure on experienced classifiers.  

Participants are trained for over 2500 trials and are then given the social pressure 

manipulation to determine whether the pressure-induced prevention focus has the same 

affects on rule-based and information-integration category learning once the tasks are 

well learned.  This study is valuable for both the motivation and the category-learning 

literatures because much of the research in both areas is conducted using novice 

participants. 

 I propose that pressure should have similar effects on both types of category 

learning tasks, and that the Explicit Monitoring hypothesis of choking under pressure 

may be more relevant when participants are placed under pressure after achieving a level 

of expertise at classifying the stimuli.  The Explicit Monitoring hypothesis proposes that 

pressure causes an increase in attention to skilled processes which disrupts performance 

on proceduralized tasks (Masters, 1992; Hardy and Mullen and Jones, 1996; Beilock and 

Carr, 2001).  Thus, when the categories are well-learned and performance has become 

automated pressure may disrupt performance of both rule-based and information 

integration tasks.  Alternatively, the results could be identical to those found in Study 2.  

This would indicate that pressure acts in the same way regardless of one’s level of 
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training.   
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2. Study 1: Regulatory Fit Effects in a Decision-Making Task 
 

Motivation is central to action.  The motivation literature makes a distinction 

between approach goals—positive states that one wishes to achieve, and avoidance 

goals—negative states that one wishes to avoid (e.g., Carver & Scheier, 1998). Higgins 

(1987) proposed regulatory focus theory, which argues for psychological states of 

readiness for potential gains or losses that tune the sensitivity of the motivational system. 

Previous research suggests that motivational states interact with the reward structure of 

the environment to affect people’s cognitive flexibility, or their willingness to explore 

versus exploit different response strategies used to solve a classification task (Markman 

et al., 2005; Maddox et al., 2006).  For example, when optimal responding involves 

exploring the space of possible rules to find a low salience rule that leads to perfect 

performance, subjects attempting to earn an entry into a drawing for cash (which induces 

a promotion focus) perform best when they gain points upon responding, and subjects 

attempting to avoid losing an entry into a drawing (which induces a prevention focus) 

perform best when they lose points upon responding. Alternatively, when optimal 

responding involves exploiting an obvious rule that leads to good performance, subjects 

in a promotion focus perform best when they lose points upon responding, and subjects in 

a prevention focus perform best when they gain points upon responding.  Thus subjects in 

a regulatory fit will be more flexible, or more willing to explore alternative response 

strategies, while subjects in a regulatory mismatch will be less flexible, or less willing to 

explore alternative response strategies, regardless of whether greater flexibility leads to 

optimal performance. This hypothesis finds support in classification learning (Maddox et 

al., 2006; Markman et al., 2005).   
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In this study, I extend previous research in two ways.  First, I explore these effects 

in choice behavior, and second I implement a reinforcement-learning model that supports 

a more direct assessment of a given subject’s exploration or exploitation of alternative 

choices in the environment.    

In an uncertain environment a decision maker is faced with an ‘exploration-

exploitation’ dilemma in which he or she must balance the opposing demands of 

gathering and exploiting information (Daw, O’Doherty, Dayan, Seymour, & Dolan, 

2006; Ishii, Yoshida, & Yoshimoto, 2002; Ashton-Jones & Cohen, 2005).  Recent model-

based analyses suggest that a parameter in the softmax action selection model captures 

the global propensity to explore (Daw et al., 2006; Ishii et al, 2002; Ashton-Jones & 

Cohen, 2005).  None of this work directly addresses how motivational factors might 

influence an agent’s decision to explore or exploit alternatives in the environment. I 

hypothesized that the interaction between one’s motivational state and the reward 

structure of the environment would influence the resolution of the ‘exploration-

exploitation’ dilemma such that decision-makers in a regulatory fit would more often 

choose to explore the environment, and decision makers in a regulatory mismatch would 

more often choose to exploit the option with the highest estimated value. 

2.1 Decision-Making Experiment 1 

I developed a choice task that was inspired by the Iowa Gambling task (Bechara, 

Damasio, & Damasio, 2000; Bechara, Damasio, Damasio, & Anderson, 1994) in which 

participants chose from one of two decks of cards; one that initially gave good values, but 

was ultimately worse to choose from (called the disadvantageous deck), and the other 

that initially gave bad values, but was ultimately better to choose from (called the 

14

 



advantageous deck; see Weber, Shafir, & Blais, 2004 for a similar task).   

Subjects in the gains condition started with zero points and gained points on each 

draw, while subjects in the losses condition started with zero points and lost points on 

each draw.  The decks were constructed so that a minimum of 25 cards had to be drawn 

from the advantageous deck to achieve the bonus criterion (see Figure 2).  A subject who 

consistently exploited the disadvantageous deck, which initially appeared to be the better 

deck, would fail to achieve the bonus.  To reach the bonus criterion a subject had to be 

willing to sample from the advantageous deck even though the first cards drawn from it 

were of lower value than those drawn from the disadvantageous deck.  This strategy 

required a willingness to explore different alternatives in the environment, and a 

willingness to avoid persistent use of the most salient response strategy.     

 Subjects in a promotion focus were told that they would receive an entry into a 

drawing for a 1 in 10 chance at winning $50 if they achieved the bonus criterion. Subjects 

in a prevention focus were given an entry into the drawing and told that they had to 

achieve the bonus criterion to avoid losing the entry.   

  Subjects in a regulatory fit (a promotion focus with a gains reward structure or a 

prevention focus with a losses reward structure) were hypothesized to explore more 

alternatives in the environment and thus be more willing to sample cards from the 

advantageous deck which did not at first give better values.  In contrast, subjects in a 

regulatory mismatch (a promotion focus with a losses reward structure or a prevention 

focus with a gains reward structure) were hypothesized to repeatedly choose cards from 

the deck that initially gave the best values (the disadvantageous deck), and would be less 

willing to sample from the deck that initially gave the worst values (the advantageous 
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deck). This hypothesis follows from our work examining the effects of regulatory fit on 

classification learning (see Maddox et al., 2006). 

2.1.1 Decision-Making Experiment 1 Method 

Forty undergraduates from the University of Texas community participated in the 

experiment for course credit or were paid $6 for their time.  In addition, they were given 

the opportunity to earn an entry into a drawing for $50 cash, and were told that no more 

than ten participants would be included in each drawing.  The two between-subjects 

independent variables were the situational regulatory focus (promotion and prevention) 

and the reward structure of the task (gains and losses).   

Subjects were told that they would either earn (promotion focus) or keep 

(prevention focus) their ticket to the drawing if they met the bonus criterion.  Two decks 

appeared, one on the right and one on the left side of the screen.  Subjects were asked to 

press a button on the left to draw from the deck on the left, and a button on the right to 

draw from a deck on the right.  There were 80 cards in each deck, and each subject drew 

a total of 80 cards.  On each trial only the card that was drawn was discarded.  In the 

gains condition the disadvantageous deck gave an average value of eight points per card 

over the first 30 cards drawn from it, an average value of five points over the next 20 

cards drawn from it, and an average value of two points over the last 30 cards drawn from 

it, while the advantageous deck gave an average value of three points over the first 20 

cards drawn from it, an average value of seven points over the next 50 cards drawn from 

it, and an average value of 3 points over the last 10 cards drawn from it.   The deck values 

were in the same order for each subject, and were equated for gains and losses by 

subtracting 11 from each gains condition deck value to produce the losses condition deck 
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value (e.g. if a card gave a value of 7 in the gains condition, then the corresponding card 

in the losses condition gave a value of -4).    

On each trial subjects received between 1 and 10 points in the gains condition, 

and between -10 and -1 points in the losses condition.  The bonus criterion was equated 

for gains and losses so that more than 25 cards had to be drawn from the advantageous 

deck to achieve the bonus.  In the gains condition subjects had to earn 450 points, and in 

the losses condition subjects had to lose no more than 430 points to achieve the bonus 

criterion.  The points required to meet the bonus criterion were displayed at the bottom of 

the screen, and the participant’s current point total was displayed at the center of the 

screen.   

After 80 trials participants were given feedback on whether they had met the 

bonus criterion or not.  If they met the bonus criterion subjects in the situational 

promotion focus condition were given a ticket and told to enter it into the drawing, and 

subjects in the situational prevention focus condition were told that they could keep their 

ticket and enter it into the drawing.  

2.1.2 Decision-Making Experiment 1 Results 

Performance Measures.  

Figure 3a displays the average distance from the bonus criterion for each 

condition.  A 2 (regulatory focus) X 2 (payoff structure) ANOVA revealed a significant 

interaction, F(1,38)=4.44, p<0.05, 2=0.11.  As predicted, participants in a regulatory fit 

were significantly closer to the criterion than were participants in a regulatory mismatch.  

For the gains reward structure, subjects given a promotion focus (M=-3.6) were 

significantly closer to the bonus criterion than subjects given a prevention focus (M=-
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27.9), F(1,18)=6.05, p<0.05, 2=0.25.  For the losses reward structure, subjects in a 

prevention focus (M=-4.7) performed better than did those with a promotion focus 

(M=14.6), but this difference did not approach significance.   

Subjects in a regulatory fit also drew more cards from the advantageous deck, 

which initially gave poorer values, but gave increasingly better values as more cards were 

drawn from the deck (Figure 3b).  I conducted a 2 (regulatory focus) X 2 (reward 

structure) ANOVA on the number of cards drawn from the advantageous deck.  The 

interaction was significant, F(1,38)=4.14, p<0.05, 2=0.10.  For the gains reward 

structure, subjects given a promotion focus (M=26.3) drew significantly more cards from 

the advantageous deck than subjects given a prevention focus (M=20.1), F(1,18)=5.48, 

p<0.05, 2=0.23.  In the losses reward structure, although subjects in a prevention focus 

(M=26.2) drew more cards from the advantageous deck than subjects in a promotion 

focus (M=22.2), the effect was not significant.  As predicted, subjects in a regulatory fit 

were more willing to sample from the advantageous deck than subjects in a regulatory 

mismatch.   

Model-based Analyses.   

I implemented a version of the softmax action selection model in which the 

probability of selecting an alternative varies as a function of its estimated value (Sutton 

and Barto, 1998; Daw et al., 2006).  In this model the probability of choosing option a on 

trial t is: 
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where is an exploitation parameter, and  is an estimate of the reward associated 

with choosing from deck a on trial t.  In equation 1 as the option with the 

higher estimated reward is exploited, whereas as  response selection becomes 

more exploratory.  I used an incremental update rule for updating an average of the k 

past (r) rewards: 
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where a recency parameter, varies from 0 to 1.  When Equation 2 reduces to 

][ 11 kkkk ErEE   

                                                                 1k1k rE                                                            (3) 

so that only the most recent rewards are used to estimate the value of a response option, 

and as 0 equation 2 reduces to 

                                                               k1k EE                                                            (4) 

so that all previous rewards are equally weighted.   

 I used the models described above to evaluate the degree to which subjects 

explored or exploited response alternatives in the environment.  The model accounted for 

79% of responses across all subjects.  Subjects in a regulatory fit were hypothesized to be 

more exploratory and thus yield lower estimates of the exploitation parameter than were 

subjects in a regulatory mismatch.  Figure 4a displays the average exploitation parameter 

values for each condition.  A 2 (regulatory focus) X 2 (reward structure) ANOVA 

conducted on the exploitation parameter values revealed a significant interaction between 

regulatory focus and reward structure, F(1,38)=9.99, p<.01, 2=0.22.  For the gains 
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reward structure subjects in a promotion focus (M=0.34) had significantly lower 

exploitation parameter values than subjects in a prevention focus (M=0.53), 

F(1,18)=5.53, p<.05, 2=0.24.  For the losses reward structure subjects in a prevention 

focus (M=0.27) had significantly lower exploitation parameter values than subjects in a 

promotion focus (M=0.51), F(1,18)=4.83, p<.05, 2=0.21. 

I also examined the best fitting recency parameter for each subject.  Figure 4b 

shows the average best-fitting recency parameter values for each condition.  A 2 

(regulatory focus) X 2 (reward structure) ANOVA conducted on the recency parameter 

values revealed a significant main effect for reward structure, F(1,38)=12.88, p<.01, 

2=0.26.  Subjects with a gains reward structure tended to give greater weight to recent 

gains, while subjects with a losses reward structure tended to give less weight to recent 

losses.  There was a marginal interaction between regulatory focus and reward structure, 

F(1,38)=4.05, p=.052, 2=0.10.  Subjects in a regulatory fit, on average, had lower 

recency parameter values, than subjects in a regulatory mismatch.  However, there was 

no significant difference in recency parameter values between promotion (M=.87) and 

prevention (M=.96) subjects in the gains condition, and the difference in recency 

parameter values between promotion (M=.72) and prevention (.43) subjects in the losses 

condition was only marginally significant, F(1,38)=2.90, p=.11, 2=0.14.2 

2.1.3 Decision-Making Experiment 1 Discussion 

The results from Experiment 1 mirror those found in category learning. When 

exploring alternative strategies or response options is advantageous, as in the current 
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choice task, subjects in a regulatory fit behaved more optimally than subjects in a 

regulatory mismatch. In the current domain of choice I was able to develop and test a 

model that included a specific exploitation parameter that provided a direct numerical 

index of how subjects were handling the exploration-exploitation dilemma.  The results 

indicate that subjects in a regulatory fit had a stronger tendency to explore alternative 

response strategies, while subjects in a regulatory mismatch had a stronger tendency to 

exploit the alternative with the higher predicted value.   

One might argue that participants in a regulatory fit may be better equipped to 

solve a task than subjects in a regulatory mismatch, and not simply more prone to explore 

alternative response strategies.  I cannot rule out this possibility in Experiment 1, because 

optimal performance required exploration.  As a test of these two alternatives, I examined 

the effects of regulatory fit in a task similar to Experiment 1, but for which optimal 

performance required an exploitative strategy. If a regulatory fit leads to increased 

exploration then it should adversely affect performance. On the other hand, if a 

regulatory fit simply leads to better performance then it should improve performance.  

2.2 Decision-Making Experiment 2 

In Experiment 2 I used a choice task for which exploration of the deck with a 

lower expected value led to sub-optimal performance.   

2.2.1 Decision-Making Experiment 2 Method 

Thirty undergraduates from the University of Texas at Austin participated in the 

experiment for course credit or were paid $6 for their time.  As in Experiment 1, subjects 

were told that they would either earn (promotion focus) or keep (prevention focus) their 

ticket to the drawing if they met the bonus criterion.  Regulatory focus was the only 
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independent variable as all subjects had a gains reward structure in which they gained 

points on each trial.   

In Experiment 1 the cards from the unselected deck were not discarded, but in 

Experiment 2 one card from both the selected and unselected deck was discarded on 

every trial, although subjects were not given instructions about which cards were 

discarded.  Deck “A” gave values that averaged three points during the first 30 trials, four 

points over the next 20 trials, and seven points over the last 30 trials, while deck “B” 

gave values that averaged eight points over the first 30 trials, six points over the next 20 

trials, and three points over the last 30 trials.  Thus, the optimal strategy was to draw from 

Deck B during the first 50 trials and to draw from Deck A over the last 30 trials.  A 

participant using such a strategy would earn 570 points.  I set the bonus criterion at 550 

points so that a failure to exploit the deck that currently gave the highest reward would 

lead to sub-optimal performance in the task. With the exception of the deck 

characteristics and bonus criterion described above, all other procedures were the same as 

in Experiment 1.   

2.2.2 Decision-Making Experiment 2 Results 

Performance Measures.  

Figure 5a shows the distance from criterion for each condition in Experiment 2.  

As predicted from our hypothesis, subjects in a prevention focus with a gains reward 

structure (a regulatory mismatch) were significantly closer to the criterion (M=-26.6) than 

subjects with a promotion focus (M=-76.1), F(1,28)=8.3, p<.01, 2=0.23.  Figure 5b 

shows the average number of cards drawn from deck “A” during each epoch of the task.  

A repeated measures ANOVA with epoch as a within subjects factor and regulatory focus 
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as a between subjects factor revealed a main effect of regulatory focus, F(1,28)=9.42, 

p<.01,  2=0.25.  Pairwise comparisons were performed for each epoch.  Subjects in a 

promotion (M=10.1) focus drew significantly more cards from Deck A during the first 30 

trials than subjects in a prevention (M=4.1) focus, F(1,28)=10.49, p<.01, 2=0.27.  

During trials 31-50 subjects in a promotion (M=6.5) focus continued to draw more cards 

from Deck A than subjects in a prevention (M=3.1) focus, F(1,28)=5.7, p<.05, 2=0.16.  

During the final epoch of trials, when Deck A became more advantageous to draw from 

than Deck B, subjects in a prevention (M=25.5) focus drew more cards from Deck A than 

subjects in a promotion focus (M=22.6), although the effect was not significant.   

Model-Based Analyses.   

Fits of the softmax model described above also supported our hypothesis.  Across 

both conditions the model accounted for 85% of responses.  As in Experiment 1, subjects 

in a regulatory fit (M=.042) had significantly lower exploitation parameter values than 

subjects in a regulatory mismatch (M=0.80), F(1,28)=6.22, p<.05, 2=0.18.  Thus, the 

decision-making behavior for subjects in both a regulatory fit and a regulatory mismatch 

was the same for both tasks even though exploration was optimal in Experiment 1 and 

exploitation was optimal in Experiment 2. 

I also analyzed recency parameter values for subjects in a promotion and a 

prevention focus, but found no significant differences between promotion and prevention 

subjects.3     
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2.3 Decision-Making General Discussion 

This study examines the interface between motivation and choice.  Of great 

interest in the reinforcement-learning and decision-making literatures is the exploration-

exploitation dilemma (Daw et al., 2006, Ashton-Jones & Cohen, 2005).  Previous 

research addressed the neural basis of exploration versus exploitation, but little work has 

examined causal factors that influence the resolution of this dilemma such as 

motivational factors. Here I showed that the interaction between two factors in the 

environment, regulatory focus and reward structure, strongly influences the degree to 

which one explores or exploits alternative options in the environment.  Subjects whose 

regulatory focus matched the reward structure of the task (a regulatory fit) were more 

prone to explore options with a lower estimated value, while subjects whose regulatory 

focus did not match the reward structure of the task were more likely to exploit the 

alternative with the highest estimated value.  This occurred in situations where 

exploration led to more optimal performance (Experiment 1), and in situations where 

exploration led to less optimal performance (Experiment 2).   

It is important to note that the resolution of the exploration-exploitation dilemma 

did not merely depend on whether subjects received gains or losses. Rather the influence 

of gains and losses on choice depended completely on the situational regulatory focus.  In 

Experiment 1, when there was a match between regulatory focus and reward structure, 

performance was better, and participants were more willing to explore alternative 

options.  Subjects who were in a regulatory fit were more willing to avoid persistent 

selection from the deck that was initially advantageous, and were willing to try 

alternative response strategies.  In Experiment 2, subjects in a regulatory fit showed 
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exploratory behavior similar to subjects in Experiment 1, even though this behavior led to 

less optimal performance.  

One might ask why a match between one’s regulatory focus and the reward 

structure of the environment leads to more exploratory behavior.  Elsewhere (Markman et 

al., 2007) it has been suggested that when the reward structure of the environment 

matches an individual’s expectations, they should bring their full cognitive resources to 

bear on problems to be solved in that environment.  However, when the reward structure 

does not match an individual’s expectations then they are likely to engage fast-acting 

cognitive strategies until the environment can be better understood.  Bringing one’s full 

cognitive resources to bear on solving a problem will likely lead to the implementation of 

a greater variety of strategies, while engaging fast-acting strategies will likely lead to 

exploitation of the most salient alternatives.  While this is a reasonable hypothesis as to 

why a regulatory fit produces these effects, it is, nevertheless, only speculative at this 

point.   

Regulatory focus may alter the behavioral patterns in tasks in other domains as 

well.  Recent work on foraging behavior found evidence of under matching in groups of 

humans foraging between resource pools that differed in their output (Goldstone & 

Ashpole, 2004; Goldstone, Ashpole, & Roberts, 2005).  However, motivational factors 

were not explicitly controlled.  In fact, in these studies participants appeared to be in a 

regulatory fit because they were attempting to increase their chances of winning a 

drawing for cash (a promotion focus) while gaining points by foraging for food in the 

task (a gains rewards structure). The current findings suggest that a regulatory fit leads to 

increased exploration of response alternatives, and they may partially explain the degree 
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of under matching found in these foraging experiments. My findings also lead to the 

intriguing hypothesis that a regulatory mismatch might lead to an increase in exploitation 

of resource pools that give food more frequently in human foraging experiments.   

I have shown that motivational factors in the environment influence the resolution 

of the exploration-exploitation dilemma in a choice task.  It is becoming clear that 

motivation strongly effects cognition and behavior.    

 

26

 



3. Study 2: Social Pressure as a Type of Regulatory Focus 

 Pressure affects performance on several cognitive and motor tasks (e.g., 

Markman, Maddox, & Worthy, 2006; Beilock and Decaro, 2007; Beilock and Carr, 2005; 

Beilock, Kulp, Holt, & Carr, 2004; Beilock and Carr, 2001; Masters, 1992).  In these 

tasks participants often choke under pressure whereby they underperform on a task 

relative to their normal performance level because of an acute stressor.  Intriguingly, 

participants can also excel under pressure by performing better than they would otherwise 

perform without pressure.  For example, Markman et al. (2006) found that participants 

choked under pressure when performing a classification task that required an explicit 

rule-based strategy, but excelled under pressure when performing a task that required an 

implicit information-integration strategy.   

These results are consistent with the Distraction Hypothesis (Beilock & Carr, 

2005; Beilock et al., 2004; Markman et al., 2006; Wine, 1971), which proposes that 

pressure decreases available executive attention or working-memory resources leading to 

performance decrements on tasks that require an explicit strategy.  A decline in available 

executive attention resources also increases people’s reliance on implicit strategies, 

which enhances performance on implicit information integration tasks.  

Relating Pressure to Regulatory Focus 

In this study, I explore the possibility raised by Markman et al. (2006) that 

pressure manipulations induce a situational regulatory focus in participants (Higgins, 

1997; Maddox et al., 2006; Worthy, Maddox, & Markman, 2007; Markman et al., 2005)  

Regulatory focus theory posits that people adopt one of two distinct regulatory foci:  a 

promotion focus whereby one becomes sensitive to potential gains in the environment 
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and a prevention focus whereby one becomes sensitive to potential losses in the 

environment.  The pressure manipulation used in a number of studies hinges on the 

potential for a negative social outcome if the participant lets down a partner (e.g. Beilock 

& Carr, 2001; Markman et al., 2006; Gray, 2004; Beilock et al., 2004).  This social 

pressure may induce a prevention focus.  In contrast, participants who are not given a 

pressure manipulation are more likely to have a promotion focus because they are simply 

trying to complete the experiment and earn the required credit for participation.   

Previous research suggests that a person’s global regulatory focus interacts with 

the more local gains or losses available on each trial of the task that is being performed 

(Higgins, 2000; Maddox et al., 2006; Worthy et al., 2007).  When there is a fit between 

regulatory focus and reward structure (i.e., a global promotion focus and gains or a global 

prevention focus and losses), then people are more capable of solving complex problem 

solving tasks which require executive attention than when there is a mismatch (i.e., a 

global prevention focus and gains or a global promotion focus and losses; Maddox et al., 

2006; Markman et al., 2005; Worthy et al., 2007; Grimm et al., 2008).  Previous research 

finds that participants in a regulatory fit are better than those in a mismatch at explicit 

rule-based learning tasks, but worse at implicit information integration learning tasks 

(Grimm et al., 2008; Maddox et al., 2006; Markman et al., 2005).  There is also evidence 

that increased working memory capacity may enhance performance on rule-based tasks, 

but actually hinder performance on information–integration tasks (e.g. Decaro, Thomas, 

& Beilock, 2007; but see Tharp & Pickering, 2009).  One explanation for the improved 

performance on explicit rule-based tasks for participants in a regulatory fit is that a fit 

leads to an increase in executive working-memory resources.  
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Thus, the results from Markman et al. (2006) are consistent with both the 

Distraction hypothesis and the Regulatory Fit hypothesis.  In this paper, I distinguish 

these possibilities by replicating the previous study with a losses reward structure.  In a 

losses reward structure, people lose points throughout the task and must minimize their 

losses.  The Regulatory Fit hypothesis adds an intermediate step to the Distraction 

hypothesis.  On this view, pressure does not decrease available working memory directly, 

but rather it induces a prevention focus which interacts with the reward structure of the 

task to create either a regulatory fit or mismatch.  The regulatory mismatch causes 

decrements in available executive resources.   

Thus, I propose that participants performing the task under low and high pressure 

have different regulatory foci.  Those performing under low pressure have a situational 

promotion focus while those performing under high pressure have a situational 

prevention focus.  These distinct foci interact with the local reward structure to produce 

either a regulatory fit or mismatch.  Participants who are in a pressure-induced prevention 

focus performing a task where responses result in losses should actually be in a 

regulatory fit.  Thus, these participants should actually have an increased amount of 

available executive attention resources.  Those performing rule-based tasks should now 

excel under pressure, while those performing information-integration tasks should choke.  

The Distraction hypothesis predicts the opposite because pressure should lead directly to 

decrements in available executive attention resources regardless of the reward structure 

of the task.  I test these two contrasting hypotheses in the current experiment.   

3.1 Social Pressure Experiment 1 

Participants learned to classify stimuli into one of two categories.  Half the 
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participants classified stimuli from a rule-based category structure.   Figure 1a depicts a 

simple rule-based task in which the participant must focus on one of the two dimensions 

and determine the location on that dimension that separates the two categories.  This task 

is typically thought to involve explicit hypothesis testing, and so it should be harmed by 

any procedure that decreases executive attention resources (Ashby et al., 1998; Maddox 

& Ashby, 2004; Maddox et al., 2004).  

The other participants classified stimuli from an information-integration category 

structure.  The stimulus structure in Figure 1b rotates the category boundary 45-degrees 

in stimulus space.  Thus, the rule that separates the categories cannot be stated easily.  

This stimulus configuration is thought to be best learned by a procedural or similarity-

based process that is limited in its demands on working memory (Maddox & Ashby, 

2004; Maddox, Ashby, & Bohil, 2003). Explicit hypothesis testing strategies can be used 

to solve these tasks, but they lead to suboptimal performance.   

In the current experiment participants lost points on each trial, but they lost fewer 

points for a correct classification than for an incorrect one.  Their goal was to minimize 

how many points they lost.  Participants were placed under low pressure or high pressure.  

Those under low pressure were simply asked to do their best by trying to lose as few 

points as possible.  Participants under high pressure were told that they could earn a 

monetary bonus if both they and a (fictional) partner lost no more than a certain number 

of points.  Furthermore, they were informed that their partner had already performed the 

task and had reached the criterion so it was up to them to earn the bonus for themselves 

and their partner.  This type of manipulation has been used in numerous previous studies 

and has been shown to induce pressure (e.g. Beilock and Carr., 2001; Gray; 2004; 
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Beilock et al., 2004; Beilock and Carr, 2005; Beilock and Decaro, 2007).4 

3.1.1 Social Pressure Experiment 1 Method 

Participants were 80 members of the University of Texas community who 

received course credit for their participation.  Participants were randomly assigned to one 

of four between-subjects conditions which consisted of the factorial combination of two 

category types (Rule-Based vs. Information-Integration) and two types of pressure (High 

vs. Low).  One participant in the Information-Integration Control condition was excluded 

because of experimenter error. 

 Participants in the Low Pressure condition were asked to do their best.  

Participants in the High Pressure condition were told that they could earn a monetary 

bonus ($6) if both they and a (fictional) partner achieved a performance criterion (80% 

correct) over the final 80-trial block of the experiment.  They were then informed that 

their partner had already completed the experiment and had reached the performance 

criterion, so the participant’s partner was relying on him or her to receive the bonus.  

 Stimuli were Gabor patches varying in the frequency of the bars and their 

orientation relative to the computer screen shown.  Participants performed eight blocks of 

80 trials.  On each trial a stimulus was presented on the screen and participants were 

asked to indicate which category they thought the stimulus belonged to by pressing a key.  

They were given corrective feedback.  Participants under high pressure also heard a 

‘ching’ or ‘buzzer’ sound as feedback for correct and incorrect classifications on each 
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trial.  Participants were told that they would lose points on each trial and that their goal 

was to minimize their losses.  Participants lost only one point for a correct response, but 

three points for an incorrect response.  A point meter on the right-hand side of the screen 

indicated how many points had been lost, and a line indicated how many points had to 

remain for reception of the bonus.  The meter was reset before the beginning of each 

block.   

3.1.2 Social Pressure Experiment 1 Results 

Performance Measures 

Figure 7 shows the mean accuracy for each condition for each block.  The data 

were subjected to a 2 (Pressure Level) x 2 (Category Type) x 8 (Block) ANOVA.  There 

was a significant Category Type X Pressure Level interaction, F(1,75)=5.32, p<.05, 2 = 

.07.  To examine the nature of the interaction I compared the performance of participants 

in the Low and High Pressure conditions within each category structure.  In direct 

contrast to the data from Markman et al. (2006) participants in the Rule-Based High 

Pressure condition outperformed participants in the Rule-Based Low Pressure condition 

during every block of the experiment (p<.01 by sign test).  Also in contrast to Markman 

et al.’s (2006) findings, participants in the Information-Integration Low Pressure 

condition outperformed those in the Information-Integration high pressure condition on 

each block (p<.01 by sign test).    
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Model-Based Analyses 

One advantage to using simple stimuli is that I can fit mathematical models to  

each participant’s data to determine what strategy they used to solve the task.  I fit 

decision bound models to the data from individual participants on a block-by-block basis 

(Maddox & Ashby, 1993; Maddox, 1999).  Decision bound models assume that 

participants use a decision bound to separate stimuli into categories with stimuli on one 

side of the bound being classified into one category and stimuli on the other side of the 

bound being classified into the other category. The optimal decision bound in the Rule-

Based condition is depicted by the vertical line in Figure 1a. The optimal decision bound 

in the Information-Integration condition is depicted by the diagonal line in Figure 1b.  

Four models were fit.  One was a (2-parameter) rule-based model that assumed a 

unidimensional decision boundary along the spatial frequency dimension (with another 

variant that assumed a decision boundary along the spatial orientation dimension). The 

location of the decision bound was a free parameter along with a “noise” parameter that 

represents variability in the trial-by-trial memory for, and application of, the decision 

boundary.  The second was a (3-parameter) rule-based model that assumed a conjunctive 

strategy. This model assumed one decision boundary along spatial frequency and a 

second along spatial orientation and the decision rule: respond “A” if the spatial 

frequency is low and the orientation is steep; otherwise respond “B”. A second variant 

assumed a different rule: respond “B” if the spatial frequency is high and the orientation 

is low; otherwise respond “A”. The third was a (3-parameter) information-integration 

model that assumed a linear decision boundary. The slope and the intercept of the linear 

decision boundary were free parameters along with the “noise” parameter outlined above.  
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The fourth was a (1-parameter) guessing model that assumed that the probability of 

responding category A (a free parameter in the model) was not affected by the location of 

the stimulus in space.  The AIC criterion was used to determine the model that provided 

the best account of the data (Akaike, 1974). AIC penalizes a model for each free 

parameter, and thus a model with fewer parameters can provide a better account of the 

data than a model with more free parameters.   

Figure 8a displays the proportion of Rule-Based participants best fit by a 

unidimensional rule model on the frequency dimension (i.e. the optimal model).  A 

higher proportion of high-pressure participants were best fit by a rule-based model in six 

of eight blocks, although the difference was not significant.  Most participants whose data 

were not fit best by the unidimensional rule-based model on the frequency dimension 

were better fit by the guessing model or an information-integration model.  Figure 8b 

shows the proportion of Information-Integration participants whose data were fit best by 

an information-integration model.  A higher proportion of data sets from low-pressure 

participants in the Information-Integration condition were fit best by an information-

integration model in all eight blocks (p<.05 by sign test).  Data that were not fit best by 

an information-integration model were usually fit better by a conjunctive or 

unidimensional rule-based model. 

My process-based account whereby a regulatory fit leads to an increase in 

executive resources would suggest that overall rule use should be higher for participants 

in the pressure conditions performing both tasks (i.e. the proportion of data sets fit best 

by either one of the two unidimensional rule models or the conjunctive model).  This is 

exactly what I found when I examined the proportion of participants in each block fit by 
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any of the three rule models (unidimensional frequency, unidimensional orientation, and 

conjunctive).  More participants performing rule-based tasks under pressure were best fit 

by rule models in seven of eight blocks of the experiment (p<.01 by sign test), and more 

participants performing information-integration tasks under pressure were best fit by rule 

models in all eight blocks of the experiment.  The greater use of explicit rules indicates 

that when given a task with a losses reward structure, pressure causes an increase in 

executive resources as predicted by Regulatory Focus theory.   

3.2 Social Pressure Experiment 2 

To ensure that these results did not differ from Markman et al.’s (2006) results 

because of a difference in the time when the studies were conducted, I replicated the 

original experiment that used a gains reward structure.  An additional 40 participants 

were randomly placed into one of four between-subjects conditions that consisted of the 

factorial combination of two category types (Rule-Based vs. Information-Integration) and 

two types of pressure (High vs. Low).  In contrast, to the experiment presented above, 

these participants gained two points for each correct classification and earned zero points 

for each incorrect classification.  All other methods, including the pressure manipulation, 

were the same as Experiment 1.   

3.2.1 Social Pressure Experiment 2 Results 

 I obtained the same pattern of results as that of Markman et al. (2006).  The data 

were subjected to a 2 (Pressure Level) x 2 (Category Type) x 8 (Block) ANOVA.  There 

was a significant Category Type X Pressure Level interaction, F(1,36)=7.74, p<.01, 2 = 

18.  Figure 9 shows the accuracies averaged across blocks for participants in each of the 

eight conditions across Experiments 1 and 2.  In contrast to the results of Experiment 1, 
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participants performing rule-based tasks choked under pressure, and participants 

performing information-integration tasks excelled under pressure when they were gaining 

points for correct responses.    

To examine the effect of altering the reward structure I conducted a 2 (Reward 

Structure) X 2 (Pressure Level) X 2 (Category Type) X 8 (Block) repeated measures 

ANOVA using the combined data from Experiments 1 and 2.  There was a significant 

Reward Structure X Pressure Level X Category Type interaction, F(1,111)=12.84, p<.01, 

2 = .10.  When participants gained points on each trial, those performing a rule-based 

task choked under pressure, and those performing an information-integration task 

excelled under pressure.  In contrast, when participants lost points on each trial those 

performing a rule-based task excelled under pressure, while those performing an 

information-integration task choked under pressure.   

3.3 Social Pressure General Discussion 

The combined data from Experiments 1 and 2 offer clear support for the view that 

social pressure induces a situational prevention focus.  Pressure alone did not reduce the 

amount of available working-memory resources as predicted by the Distraction 

hypothesis.  Instead pressure induced a situational prevention focus that interacted with 

the reward structure of the task to influence the regulatory fit of participants in each 

condition.  The results also support our hypothesis that participants in the Low Pressure 

conditions had a situational promotion focus (as opposed to having a prevention focus or 

no motivational focus at all).  These participants were attempting to do their best in order 

to earn course credit or monetary compensation for their participation.  This result is 

consistent with a situational promotion focus.  The notion that participants in our Low 
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Pressure conditions were in a promotion focus is supported by differences in performance 

for Low Pressure condition participants based on the reward structure of the task.   

The different foci for participants under different levels of pressure led to different 

interactions with the local reward structures of the tasks.  When participants were in a 

regulatory fit (Low Pressure receiving gains or High Pressure receiving losses) they 

performed well on rule-based tasks, but poorly on information-integration tasks.  In 

contrast, when participants were in a regulatory mismatch (Low Pressure receiving losses 

or High Pressure receiving gains) they performed well on information-integration tasks, 

but poorly on rule-based tasks.   

One key question is why a regulatory fit leads to an increase in executive 

resources?  Much work to date suggests that a regulatory fit leads to an increased 

experience of “feeling right” that leads to engagement in reactions, and increased 

confidence in performance (e.g. Higgins, 2000; Aaker & Lee, 2006).  This increased 

engagement and confidence in performance may increase executive attention resources.  

In contrast, a regulatory mismatch may lead to a decreased sense of “feeling right” which 

may produce the type of worry or anxiety about one’s performance that can decrease 

executive resources.   

From a processing standpoint it is important to point out that the Distraction 

hypothesis is still correct when the task has a gains reward structure.  Pressure still causes 

decrements due to cooption of the working memory available for the task.  Here I am 

simply extending the theory by showing that the working memory ‘distraction’ is caused 

by an interaction between the pressure-induced situational prevention focus and the more 

local reward structure of the task.  Pressure does not simply cause a reduction in 
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executive resources, but alters one’s motivational state which then interacts with the 

reward structure of the environment.   While it may seem counterintuitive to suggest that 

heightened pressure can actually increase executive resources, anecdotal accounts of 

excelling under pressure are perhaps as ubiquitous as those of choking under pressure 

(e.g. Worthy, Markman & Maddox, 2009).  In this study I have presented experimental 

evidence for both choking and excelling and proposed an intriguing explanation for the 

existence of both phenomena.   

This study demonstrates the need for a broader view of the effects of pressure on 

performance.  Most laboratory tasks are conducted using a reward matrix in which 

participants gain points on each trial.  However, not all real-world tasks involve 

maximizing gains.  For example, academic test-taking situations may be viewed by the 

test-taker either as a situation where he or she attempts to get as few problems wrong as 

possible, or as many problems correct as possible.  My results suggest that test-takers 

performing a task that involves explicit cognitive processing would perform better under 

pressure when viewing the test as a task where they avoid giving incorrect answers 

because they would be in a regulatory fit.  Analogously, my results suggest that test-

takers performing a task that involves implicit cognitive processing would perform better 

under pressure when viewing the test as a task where they attempt to maximize the 

number of correct answers because they would be in a regulatory mismatch.  Future 

research examining the effects of pressure on performance should take account of the 

three-way interaction between pressure, task type, and reward structure to develop a 

fuller understanding of phenomena that involve choking and excelling.   
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4. Study 3: Effects of Social Pressure on Highly Experienced Classifiers 

 The anecdotal phenomenon of choking under pressure has been the subject of 

much laboratory research (e.g., Beilock & Carr, 2005; Markman, Maddox, & Worthy, 

2006; Beilock, Kulp, Holt, & Carr, 2004; Masters, 1992).  Choking under pressure occurs 

when someone underperforms on a task relative to their normal performance because of 

an acute stressor.  Research has focused on two different explanations for choking.  The 

Distraction hypothesis, which shares some similarities to Processing Efficiency Theory 

(e.g. Eynseck and Calvo, 1992), proposes that pressure leads to a decrease in available 

working memory resources, which in turn has a negative impact on the performance of 

cognitively demanding tasks (Wine, 1971).  Alternatively, the Explicit Monitoring 

hypothesis, which shares some similarities to  Reinvestment Theory (e.g. Masters and 

Maxwell, 2008), proposes that pressure causes increased attention to skill-focused 

processes which disrupts the performance of proceduralized tasks (Baumeister, 1984).   

 I test these accounts using highly trained participants.  To place this work in 

context, I first discuss previous research exploring the Distraction and Explicit 

Monitoring hypotheses.  Then, I present data from a study in which a total of 69 

participants first received over 2500 trials of classification learning across four separate 

training sessions, and then were put under pressure in a fifth experimental session. 

Previous research on Distraction and Monitoring 

 There is evidence supporting both the Distraction and Monitoring theories of 

choking under pressure.  Studies supporting the Distraction hypothesis often come from 

working-memory intensive tasks.  For example, Markman et al. (2006) studied category-

learning tasks.  Participants performed either a rule-based task which has been shown to 

39

 



recruit working memory resources (Ashby, Alfonso-Reese, Turken, & Waldron, 1998; 

Maddox & Ashby, 2004; Maddox, Filoteo, Hejl, & Ing, 2004; Zeithamova and Maddox, 

2006), or an information-integration task which has been shown to recruit a procedural-

based learning system which is not working-memory demanding (Maddox & Ashby, 

2004; Maddox, Ashby, & Bohil, 2003; Ashby et al., 1998; Decaro, Thomas, & Beilock, 

2008).  In accordance with the Distraction hypothesis, novice participants choked while 

performing the rule-based task under pressure, but excelled while performing the 

information-integration task under pressure.   

Further support for the Distraction hypothesis comes from Beilock and Carr 

(2005), who showed that performance of participants with high working-memory 

capacity declined more under pressure than did performance of those with low working-

memory capacity.  Additional studies using cognitively demanding tasks such as math 

problems also support the Distraction hypothesis (e.g. Ashcraft and Kirk, 2001; Beilock 

et al. 2004), and there is some evidence that skill-focused training can reduce choking 

under pressure in motor tasks such as golf-putting (Lewis and Linder, 1997; Beilock and 

Carr, 2001 Experiment 3).   

 Support for the Monitoring hypothesis has been demonstrated primarily in motor 

tasks such as golf-putting (Masters, 1992; Hardy and Mullen and Jones, 1996; Beilock 

and Carr, 2001 Experiment 4), simulated baseball batting (Gray, 2004), and free throw 

shooting (Liao and Masters, 2002).  A common finding in many of these studies is that 

attention to skill-focused processes during training disrupts performance while under 

pressure, whereas training without being instructed to focus on the processes at hand 

(Liao and Masters, 2002), or training while performing a working-memory demanding 
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task (Masters, 1992; Hardy et al., 1996) leads to improved performance under pressure.  

The Monitoring view assumes that skill-focused training gives participants explicit 

knowledge of the motor processes used to complete the task.  Under pressure, 

participants then monitor their performance, and call to mind this explicit information, 

which has the paradoxical effect of hurting performance.    

 Of greater relevance to the current study are experiments conducted using expert 

participants.  Gray (2004) had Division 1-A collegiate baseball players with 14-18 years 

of experience perform a simulated batting task while under pressure.  He found direct 

evidence that performance pressure caused increased attention to skill-focused processes 

as confirmed by improved performance on a skill-focused task, and that this increased 

attention caused decrements in performance for expert participants.  These results showed 

that, for expert baseball players, pressure did not cause a decrease in working memory 

capacity as proposed by the Distraction theory (Wine, 1971), but rather caused an inward 

shift in attentional focus as proposed by the Monitoring theory (Baumeister, 1984).   

4.1 Pressure and Experience Study Overview 

 In the present study I examined the effects of pressure on the performance of 

participants given extensive practice with rule-based or information-integration 

classification tasks.  Sixty-nine participants learned the categories in four one-hour 

sessions given on consecutive days, performing over 2500 learning trials each. Each 

participant then completed a fifth experimental session. 

A critical difference between rule-based and information-integration category 

structures is that the optimal strategy for rule-based tasks is explicit (i.e., verbalizable), 

whereas the optimal strategy for information-integration tasks is implicit (i.e., not 
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verbalizable).  For example, for the category structure shown in Figure 1a, the optimal 

rule is to classify stimuli with relatively low spatial frequency into one category and 

stimuli with relatively high spatial frequency into the other category.  In contrast, there is 

no verbalizable rule that can be employed to optimally distinguish the categories in the 

information-integration structure shown in Figure 1b.  Here the optimal rule may be 

verbalized as: ‘if the spatial orientation is greater than the spatial frequency, classify the 

stimuli into one category, but if the spatial orientation is less than the spatial frequency, 

classify the stimuli into the other category.’  However, this type of rule is difficult or 

impossible to implement to solve the task because the relative magnitude of each spatial 

dimension cannot be easily compared.  

Dual-Systems Theory of Classification Learning  

There is abundant evidence that separate neural systems are recruited when 

learning to classify stimuli from rule-based and information-integration category 

structures (Maddox and Ashby, 2004; Ashby et al., 1998; Nomura et al., 2007).  The 

COVIS (COmpetition between Verbal and Implicit Systems) model details these separate 

neural systems (Ashby et al., 1998).  COVIS assumes that a frontally-mediated 

hypothesis-testing system that depends heavily on working memory and executive 

attention dominates rule-based learning, whereas a basal-ganglia mediated procedural 

learning system that is sensitive to the timing of the feedback, but is not demanding of 

working memory dominates information-integration learning (Ashby et al., 1998; for a 

review see Maddox and Ashby, 2004).   

An important component of this paradigm is that rule-based category learning is 

more analogous to performing working-memory demanding tasks such as solving math 
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problems that have been used previously to study choking under pressure (e.g. Beilock 

and Carr, 2005).  Information-integration category learning is more analogous to learning 

motor tasks such as golf-putting or baseball batting that have been used previously to 

study choking under pressure (e.g. Beilock and Carr, 2001; Gray, 2004).   Information-

integration category learning has been closely related to procedural learning (Ashby, et 

al, 1998).  For example, Ashby and colleagues found that switching the response keys 

between training and transfer phases in rule-based and information-integration 

classification tasks impaired information-integration transfer performance, but not rule-

based transfer performance (Ashby, Ell, and Waldron, 2003).  This suggests that the 

explicit rule-based system learns abstract category labels, whereas the procedural-based 

information-integration system learns response positions.  While links between 

information-integration classification learning and motor tasks should be made with 

caution, there is some evidence that information-integration learning requires a more 

procedural system.    

Distraction and Monitoring theories make contrasting predictions regarding 

learning under pressure for rule-based and information-integration tasks.  The top rows of 

Table 1 summarize the learning predictions based on a dual-systems theory of 

classification.   Distraction theory states that pressure will reduce the amount of available 

working memory resources. Because rule-based category learning requires working 

memory, it will suffer under pressure. However, information-integration category 

learning does not require working memory, and, in fact, low working memory has been 

shown to improve information-integration learning (DeCaro et al., 2008; however see 

Tharp & Pickering, in press). Thus, the Distraction hypothesis predicts excelling under 
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pressure in information-integration learning. The Explicit Monitoring hypothesis makes 

the opposite predictions with respect to learning. The Explicit Monitoring hypothesis 

states that pressure causes one to explicitly focus on the processes needed to carry out the 

task. Because rule-based learning relies on explicit hypothesis-testing, the Explicit 

Monitoring hypothesis predicts that pressure should improve rule-based learning. In 

contrast, monitoring of explicit processes is counterproductive to information-integration. 

Markman et al. (2006) examined the effects of pressure on rule-based and information-

integration learning and found choking under pressure for rule-based learning, but 

excelling under pressure for information-integration learning in support of the Distraction 

hypothesis. 

An Alternative Theory of Classification for Experienced Classifiers 

Markman et al. (2006) examined classification learning, whereas the current study 

examines classification performance after extensive training. The neural systems used to 

learn the two category structures may be different from the systems used to classify 

stimuli from each structure once the categories are well-learned, and thus the effects of 

pressure may be different. Ashby and colleagues’ (1998; see also Ashby, Ennis, & 

Spiering, 2007) proposed a Subcortical Pathways Enable Expertise Development 

(SPEED) theory of expert classification that assumes that the basal-ganglia mediated 

procedural learning system used to learn information-integration category structures is 

gradually replaced by a much faster and more direct cortico-cortical system that involves 

projections from extrastriate visual cortices directly to motor and premotor areas.  It is 

also reasonable to propose that a similar cortically mediated response system gradually 

replaces the frontal-based explicit system responsible for learning rule-based categories 
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as expertise develops and knowledge of the categories becomes automated.  This view 

suggests that performance of experienced classifiers will be cortically mediated, 

regardless of which structure they are learning.  The predictions for this view are 

summarized in the middle rows of Table 1.  

If I assume that experienced classifiers use the same systems that have been 

shown to mediate responding during learning, then Distraction Theory predicts choking 

under pressure for participants performing rule-based tasks and excelling under pressure 

for participants performing information-integration tasks, while Explicit Monitoring 

Theory predicts excelling for participants performing rule-based tasks and choking for 

participants performing information-integration tasks.  In contrast, if I assume that the 

responses of highly experienced classifiers are mediated by a direct automated system, 

then Distraction Theory predicts excelling under pressure for participants performing 

both rule-based and information-integration tasks, while Monitoring theory predicts 

choking under pressure due to an increase in skill-focused attention that disrupts the 

automated system.  Previous research suggest that Distraction Theory is more appropriate 

for performance under pressure during learning (e.g. Markman et al., 2006), while 

Monitoring Theory is more appropriate for performance under pressure for highly 

experienced participants (e.g. Gray, 2004; Masters, 1992) 

Even though this view assumes that experienced classifiers ultimately use the 

same system to make their classification responses regardless of the category structure, 

this view predicts that pressure harms rule-based classification performance more than 

information integration performance. This difference arises because of differences in the 

amount of explicit knowledge about the categories available to experts classifying stimuli 
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from rule-based or information-integration category structures.  Because rule-based tasks 

are learned via an explicit hypothesis-testing process, the explicit knowledge about the 

category structure available to participants performing rule-based tasks is much greater 

than that for participants performing information-integration tasks.  Assuming that 

pressure causes an increase in skill-focused attention which will disrupt the automated 

system (i.e. Monitoring Theory), the difference in explicit knowledge about the category 

structures may influence the extent of the observed performance decrements for highly-

trained participants performing each task while under pressure.  While Monitoring theory 

predicts performance decrements for participants performing both tasks while under 

pressure due to disruption of the automated system caused by an increase in skill-focused 

attention, the decrements may be greater for participants performing rule-based tasks 

because they have explicit knowledge of the category structure with which they can 

monitor their performance. In contrast, participants performing information-integration 

tasks may experience less severe decrements in performance because they have less 

explicit knowledge of the category structure with which to monitor their performance.  

This would corroborate the findings of several studies mentioned above for which more 

explicit knowledge about the process of performing the task during training led to worse 

performance while under pressure (e.g. Gray, 2004; Masters, 1992; Liao and Masters, 

2002). 

To test these competing hypotheses I conducted an experiment in which 

participants were first given extensive training on either rule-based or information-

integration classification tasks.  After four 1-hour sessions of training on the task, 

participants completed a fifth session.  During the fifth session half of the participants 
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were given a pressure manipulation that has been used in many previous pressure 

experiments and the other half were simply asked to do their best.  I present this as 

Experiment 1a.   

After completing the fifth session which consisted of eight blocks of eighty trials I 

gave all participants a final 80-trial block and asked them to try to perform perfectly on 

this block.  Participants who had performed Experiment 1a under both high and low 

pressure were told that if they did not make a single incorrect classification on the final 

block of trials then they would receive $100 cash.  There were two motivations for this 

novel manipulation.  First, I aimed to examine the effects of pressure across a shorter 

time-span (one block versus eight blocks).  I also wanted to explore the effects of 

increasing the incentives and bonus criterion on performance.   

4.2 Pressure and Experience Experiment 1a 

 In this experiment I examined the effects of pressure on rule-based and 

information-integration classification performance in highly-trained participants. Each 

participant received extensive initial training with either a rule-based or an information-

integration task. By the end of the fourth training session, all participants were classifying 

with at least 85% accuracy.   

At the beginning of the fifth session, half of the Rule-Based and half of the 

Information-Integration participants were put under high pressure by giving each the 

opportunity to earn a monetary bonus ($50) for exceptional performance (95% accuracy).  

Each participant in the High Pressure condition was informed that earning the bonus was 

a ‘team effort’.  Specifically, they were told that they had been paired with a partner who 

had already reached the bonus criterion, but in order for either they or their partner to 
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receive the bonus money they both had to reach the bonus criterion on a randomly 

determined block during the final session. The other half of the Rule-based and 

Information-Integration participants were put in the Low Pressure condition. These 

participants were simply told to continue classifying as they had in the previous four 

sessions. This pressure manipulation is identical to that used in Markman et al’s study of 

the effects of pressure on classification learning.  Thus, I have good reason to believe that 

this manipulation successfully induces pressure in our participants. 

4.2.1 Pressure and Experience Experiment 1a Method 

Participants 

Participants were 69 members of the University of Texas community who were 

paid for their participation. The experiment consisted of five sessions on five consecutive 

weekdays with the constraint that no participant could start on a Tuesday, so that the 

pressure session would never occur immediately following a weekend. Participants 

completing all five sessions received $30.  Participants were randomly assigned to one of 

four between-subjects conditions: Rule-Based-Low Pressure (N=17), Rule-Based-High 

Pressure (N=18), Information-Integration-Low Pressure (N=17) or Information-

Integration-High Pressure (N=17). To ensure extensive initial learning, participants who 

did not reach a minimum of 85% accuracy across all blocks of session four were 

excluded. After completing the fourth session of the experiment participants who did not 

reach 85% accuracy level were paid and told that they did not need to complete the fifth 

session because they did not meet the minimum accuracy criterion.  Nine participants 

failed to meet this performance criterion.  Data from a total of 15 participants in each 

condition were used in the final analysis.   
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Materials and Stimuli 

Participants performed the experiment on a personal computer using Matlab 

software.  The rule-based and information-integration structures are shown in Figures 1a 

and 1b.  Stimuli were Gabor patches varying in the frequency (spacing of bars) and 

orientation of the grating relative to the x-axis of the computer screen.  The experiment 

used the randomization technique introduced by Ashby and Gott (1988). Forty Category 

A and 40 Category B stimuli from the rule-based categories were generated by sampling 

randomly from two bivariate normal distributions. Each random sample (x1, x2) was 

converted to a stimulus by deriving the frequency [ f  = .25 + (x1/50)] and the orientation 

[o =  x2(π/500)].  The stimuli for the information-integration categories were generated by 

rotating the 80 rule-based stimuli clockwise by 45º around the center of the spatial 

frequency spatial orientation space and then shifting the spatial frequency and spatial 

orientation by an amount that resulted in the appropriate d′. The d’ was 4.5 for rule-based 

categories and 8.0 for information-integration categories.  The d’ was increased for the 

information-integration category structure to equate performance accuracy between the 

two category structures.  The category distribution parameters for both category 

structures are listed in Table 2.  Each stimulus was created using the Matlab 

psychophysics toolbox.  The size of each stimulus was 200 X 200 pixels.  Each stimulus 

was centered in a 650 X 650 pixel stimulus presentation box in the upper left-hand corner 

of the computer screen.  On the right side of the screen was a point meter that kept track 

of the number of points earned during the current block.   

Procedure 

Initial Training: Every participant completed four sessions of initial learning. 
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Each session consisted of eight 80-trial blocks. These sessions typically lasted just under 

an hour.  On each trial, a stimulus was presented, the participant generated a 

categorization response, and corrective feedback was provided.  There was no response 

deadline.  Participants were free to take as long as they wished to categorize each 

stimulus.  Feedback was given at the bottom left-hand corner of the screen, centered 

below the stimulus presentation box.  If the participant was correct, the phrase ‘Correct’ 

was shown, and if the participant was incorrect, the phrase ‘No, that was an (A or B)’ was 

shown.  Two points were added to a point meter on the screen when participants were 

correct, and zero points were added when incorrect. The counter was reset to zero at the 

start of each block.   

Pressure Manipulation: At the beginning of the fifth session, half of the 

participants were introduced to the High Pressure manipulation, and half were simply 

told to continue categorizing (Low Pressure condition). Participants in the High Pressure 

condition were told that they would receive a monetary bonus of $50 if both they and a 

(fictional) partner exceeded a performance criterion (95% accuracy over a randomly 

determined block in the final session), and that neither would receive a bonus if one 

failed to reach the criterion. The participant was then informed that their partner had 

already exceeded the criterion, so the bonus for the participant and the partner rested on 

the participant’s performance.  Throughout the course of the fifth session a line on the 

bonus meter indicated how many points were required to reach the bonus, and a box in 

the lower left-hand corner of the screen reminded participants in the High Pressure 

conditions that their partner had reached the bonus criterion.  Participants in the High 

Pressure conditions also heard a ‘ching’ cash register sound when they made a correct 
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classification, and a ‘buzz’ sound when they made an incorrect classification.  This type 

of manipulation has been used in numerous previous studies and has been shown to 

induce pressure (e.g. Beilock and Carr, 2001; Gray; 2004; Beilock et al., 2004; Beilock 

and Carr, 2005; Beilock and Decaro, 2007). 

4.2.2 Pressure and Experience Experiment 1a Results 

 I analyzed the data in two ways.  First, I examined performance accuracy for the 

final training and pressure sessions.  Next I applied decision bound models (Maddox and 

Ashby, 1993; Ashby and Maddox, 1993) to determine the specific strategies used to 

classify the stimuli.   

Behavioral Analyses 

Training Performance. It is important to ensure that performance was equal across 

all conditions at the end of training.  I conducted a 2 (category structure) X 2 (pressure 

level) ANOVA on the final session accuracy.  Neither the interaction nor the main effects 

of pressure level or category structure were significant on the final training session 

accuracy. There were no significant differences between the Low Pressure and High 

Pressure conditions on final training session accuracy for participants performing a rule-

based task, F<1 (M=0.890 for the Low Pressure condition, and M=.903 for the High 

Pressure condition), or for participants performing an information-integration task, F<1 

(M=.906 for the Low Pressure condition, and M=.898 for the High Pressure condition).  

Thus any pressure-driven performance differences cannot be attributed to differences in 

initial task difficulty.  

Performance Under Pressure.  

Accuracy Based Analyses.  To determine how pressure affected performance, I 
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examined the change in performance from the final training session to the pressure 

session as a function of category structure (rule-based vs. information-integration) and 

pressure level (High Pressure vs. Low Pressure). Figure 10 displays these data. Positive 

values denote improved performance in the pressure session, whereas negative values 

denote a performance decrement. A 2 (pressure level) X 2 (category structure) ANOVA 

revealed a main effect of pressure, F(1,58)=9.81, p<.01, 2=.15, with Low Pressure 

participants (M=.017) showing significantly greater improvement than High Pressure 

participants (M=-.005).   

Thus, unlike previous category learning results (Markman et al., 2006), 

experienced participants exhibited similar performance decrements under pressure for 

both rule-based and information-integration category structures; though these decrements 

were more pronounced for participants given the rule-based task. This finding suggests 

that classification for experienced classifiers might be mediated by a system that is 

different from the dual learning systems that mediate rule-based and information-

integration category learning.  Perhaps an automated cortical system, like that proposed 

in SPEED, mediates responding for highly experienced participants performing both rule-

based and information-integration tasks and is disrupted when the participant is under 

pressure due to an increase in skill-focused attention to the task.  The uniform decrement 

in performance across category structures then appears to support the Explicit Monitoring 

hypothesis.  This finding is consistent with Gray’s (2004) work examining the 

performance of expert participants while under pressure where the performance of highly 

experienced collegiate level baseball players declined under pressure due to an increase 

in skill-focused attention on the task.   
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Model-based analyses  

The accuracy-based analyses support the proposal that pressure causes 

performance decrements for participants performing rule-based and information-

integration classification tasks.  Accuracy analyses are an informative measure of 

performance, but they provide no information regarding the specific strategies that 

participants use to classify stimuli. Knowledge of the effects of pressure on strategy use 

is of fundamental importance. To address this issue, I applied decision bound models 

(Maddox and Ashby, 1993; Maddox, 1999) to the data from each individual participant 

on a block by block basis.   

Decision bound models assume that participants use a decision bound to separate 

stimuli into categories with stimuli on one side of the bound being classified into one 

category and stimuli on the other side of the bound being classified into the other 

category. The optimal decision bound in the Rule-Based condition is depicted by the 

vertical line in Figure 1a. Examples of sub-optimal strategies would be to shift the 

decision bound along the frequency dimension, or to place a decision bound along the 

orientation dimension.  The optimal decision bound in the Information-Integration 

condition is depicted by the diagonal line in Figure 1b. Sub-optimal strategies might 

include altering the slope or y-intercept of the optimal decision bound, or setting a 

decision bound on either the frequency or orientation dimension.   

With highly experienced participants, I expect a high proportion of optimal 

decision bound use.  Fits of the models will be useful in determining if pressure causes a 

shift in classification strategies to a sub-optimal or even to a qualitatively different 

strategy (e.g. from an optimal frequency-dimension decision bound in the Rule-Based 
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condition to an orientation-dimension decision bound).   

I fit seven Decision Bound models separately to the data from each participant on 

a block-by-block basis.  All of the analyses were performed at the individual-participant 

level because of concerns with modeling aggregate data (e.g., Ashby, Maddox, & Lee, 

1994; Estes, 1956; Maddox, 1999; Maddox & Estes, 2004; Smith & Minda, 1998).   

The optimal unidimensional frequency model assumes that the participant uses the 

optimal criterion along the spatial frequency dimension and applies the rule: “Respond 

‘A’ if the spatial frequency is low and ‘B’ if it is high.” This model has one free 

parameter that represents the variance of internal (perceptual and criterial) noise, and was 

fit only to data from participants performing rule-based tasks. The generalized 

unidimensional frequency rule model assumes that the participant uses a criterion along 

the spatial frequency dimension, but allows the criterion value to be estimated from the 

data (2 free parameters total).  The generalized spatial orientation model assumes that the 

participant uses a criterion along the spatial orientation dimension, and allows the 

criterion value to be estimated from the data (2 free parameters total). These two models 

were fit to data from all participants. 

The conjunction models assume that the participant uses a conjunctive rule in 

which he or she makes separate decisions about the levels of the two dimensions and then 

selects a response based on the outcome of these two decisions. Two conjunctive rules 

were examined:  

1. “Respond ‘A’ if spatial frequency is low and orientation is large, otherwise 

respond ‘B,’” and  

2. “Respond ‘B’ if spatial frequency is high and orientation is small, otherwise 
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respond ‘A’.”  

Both rules partition the perceptual space into four regions. The first assigns one to 

Category A and three to Category B, and the second assigns three to Category A and one 

to Category B.  The conjunction models have three parameters (a criterion on each 

dimension, and an internal noise parameter).  The conjunction models were fit to data 

from all participants.  

The general linear classifier model (GLC) assumes that the decision bound 

between each pair of categories is linear. This produces an information-integration 

decision strategy because it requires linear integration of perceived frequency and 

orientation.  The GLC has three parameters: the slope and intercept of the linear bound, 

and an internal noise parameter.  The optimal GLC model assumes that the participant 

uses the linear bound that maximizes accuracy.   This model has only one free parameter 

representing the internal noise.  The GLC was fit to all data, and the optimal GLC was fit 

only to data from Information-Integration participants. 

Each participant’s data was also fit by a one-parameter random responder model 

that assumed a fixed probability (estimated by the model) of responding “A” for all the 

stimuli.  This model never provided the best account of any participant’s data and is not 

discussed further. 

Model fitting procedure 

 Each model was fit separately to the data from each of the eight blocks of trials in 

sessions four and five for each participant.  The model parameters were estimated using 

maximum log-likelihood (Wickens, 1982), and the goodness-of-fit statistic used was AIC 

= -2lnL + 2k, where k is the number of free-parameters (Akaike, 1974).  The AIC 
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statistic penalizes models with extra free parameters. The best fitting model is the model 

with the smallest AIC value. For each block for each participant in each session I 

determined which model provided the best fit to the data.   

Results of model fitting 

Final Training Session Analysis  I found that the optimal or generalized 

unidimensional spatial frequency model fit best in every block of trials for Rule-based 

Low Pressure and High Pressure condition participants. In addition, I found that the 

optimal or general linear classifier fit best in every block of trials for Information-

integration Low Pressure and High Pressure condition participants. Thus, participants 

used a strategy of the same form as the optimal, but in some cases the strategy was sub-

optimal.  I compared the proportion of participants best fit by the optimal model in each 

condition. As expected, there were no significant differences between the Low Pressure 

and High Pressure conditions for either the rule-based or information-integration category 

structures, F<1.  

Pressure Session Analysis  As with the final learning session, I found that Rule-

based and Information-integration participants in the Low Pressure and High Pressure 

conditions used a strategy of the same form as the optimal, but in some cases the strategy 

was sub-optimal.  

Figure 11a displays the proportion of Information-Integration participants in each 

condition whose data was best fit by the optimal model in each block.  A larger 

proportion of Information-Integration Low Pressure participants’ data were fit best by the 

optimal model in seven of eight blocks (p<.05 by sign test).    Binomial tests reveal that a 

significantly higher proportion of data sets from Low Pressure participants were fit best 
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by the optimal model in block 8, p<.05, and a marginally higher proportion were best fit 

by the optimal model in block 2, p<.10.   

Figure 11b displays the proportion of Rule-Based participants in each condition 

whose data was fit best by the optimal model in each block. A larger proportion of Rule-

based Low Pressure participants’ data were fit best by the optimal model in 3 of 8 blocks 

(ns based on a sign test).  However, significantly more Low Pressure condition 

participants were fit best by the optimal model in blocks 4 and 7 (p<.05 by binomial test).  

Taken together these findings suggest that pressure does not lead to a qualitative shift in 

strategy (e.g., from an information-integration strategy to a rule-based strategy), but 

rather can lead to an increase in the use of a sub-optimal strategy (albeit a strategy of the 

same form as the optimal). 

Noise from Optimal Models.   

Although pressure did not lead to large qualitative shifts in strategy use, it is 

likely that pressure leads to more subtle changes. As a first pass, I examined the 

estimated noise parameter values from fits of the optimal model to each participant’s 

data. Larger values of the noise parameter reflect greater noise in the perception of each 

stimulus and/or greater variance in the memory for, and application of, the decision 

bound. 

I subtracted the optimal model noise estimate averaged across all blocks for the 

pressure session from that averaged across all blocks for the final training session. 

Positive values indicate less perceptual noise and/or less variance in the memory for, and 

application of, the decision bound in the pressure session, whereas negative values 

indicate more perceptual noise and/or greater variance in the memory for, and application 
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of, the decision bound in the pressure session.  

Figure 12 displays the noise difference measure for each of the four conditions.  A 

2 (pressure level) X 2 (category structure) ANOVA revealed a main effect of pressure on 

this measure with Low Pressure participants yielding a larger (and positive) noise 

difference (i.e., less noise in the pressure session relative to the final training session) 

than High Pressure participants who yielded a negative noise difference, F(1,58)=4.21, 

p<.05, 2=.07.  The noise difference were larger for participants performing information-

integration tasks than for those performing rule-based tasks, but this was likely due to the 

greater distance from the decision bounds for the information-integration stimuli than for 

the rule-based stimuli.     

 The combined modeling results indicate that pressure caused a decrement in 

optimal strategy use for both Rule-Based and Information-Integration High Pressure 

participants.  High Pressure participants were more likely to be fit by a sub-optimal 

model that had the same form as the optimal model.  High pressure did not cause a 

complete shift in classification strategy or a complete collapse in performance.  This 

pattern suggests that the decrements in accuracy for participants under high pressure 

resulted from a disruption of the execution of the optimal classification strategy that was 

reflected by increased perceptual and criterial noise. 

4.3 Pressure and Experience Experiment 1b  

 In many domains of expert performance, there is little room for error.  

Performance by athletes, doctors, soldiers, pilots, students, and other high-stake 

performers can be disrupted by only small decrements in accuracy or execution.  Very 

often choking involves only the smallest mistake or blunder.  A game can be won or lost 
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by a missed free throw, and admission into a prestigious academic institution can be 

gained or lost by errors on only a few test problems.  While our highly experienced 

classifiers did not show major qualitative drops in performance they did significantly 

underperform relative to equally experienced peers who were under low pressure.  Thus, 

the amount of pressure placed on students, athletes, and others striving to perform 

optimally can influence how well they do.   

I used a pressure manipulation that is similar to many manipulations that have 

been shown to induce pressure in previous laboratory studies (e.g. Beilock and Carr, 

2001; Gray; 2004; Beilock et al., 2004; Beilock and Carr, 2005; Beilock and Decaro, 

2007).  This type of pressure manipulation involves a combination of social and monetary 

incentives.  Participants in our experiment were asked to achieve at least 95% accuracy 

on each block.  This amounted to making 76 out of 80 correct classifications.  I used this 

manipulation because it followed directly from previous work studying choking under 

pressure (e.g. Markman et al., 2006; Beilock and Carr, 2001; Gray; 2004; Beilock et al., 

2004; Beilock and Carr, 2005; Beilock and Decaro, 2007).  However, I also wanted to 

examine performance in an extremely high stakes situation.  To this end, I added a final 

‘super pressure’ block of trials onto the end of the final experimental session in which all 

participants were given a high monetary incentive ($100 cash) to perform perfectly.  This 

manipulation was added to examine the effects of different levels of pressure on 

performance.   

4.3.1 Pressure and Experience Experiment 1b Method 

Participants performed Experiment 1b as an addition to the fifth session of 

Experiment 1a.  After completing eight blocks of 80 trials during the fifth and final 
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session participants were asked to perform one final 80-trial block under ‘super pressure.’  

Participants performed the same categorization task they had been performing throughout 

the entire 5-day experiment.  I informed all participants, including those in the Low 

Pressure condition, that they had the opportunity to earn $100 cash if they did not make a 

single incorrect classification on the final block of trials.   After completing the super 

pressure block participants were debriefed regarding the first pressure manipulation and 

given any bonus money they had earned for their performance. 

4.3.2 Pressure and Experience Experiment 1b Results 

Because performance for many participants quickly dropped off after they made 

their first incorrect classification during this block (i.e. they gave up) I compared the trial 

on which they made their first incorrect classification.  Figure 13 shows the average first 

trial missed for each condition.  A 2 (Category Structure) X 2 (Pressure Level) ANOVA 

showed a main effect of category structure, F(1,50)= 4.99, p<.05, 2=.095.  Participants 

performing an information-integration (M=21.30) task went significantly longer before 

making an incorrect response than participants performing a rule-based task (M=11.44). 

This finding is consistent with the idea that pressure causes an increase in skill-focused 

attention that disrupts people’s ability to respond automatically.  This increase in 

monitoring hurt rule-based participants more than information-integration participants 

because they had explicit knowledge of the category structure during training.  The 

additional knowledge of the category structure eventually disrupted their performance 

under pressure (e.g. Gray, 2004; Masters, 1992; Liao and Masters, 2002).   
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4.4 Pressure and Experience General Discussion 

 This study examined the influence of pressure on experienced participants’ rule-

based and information-integration classification performance.  I employed two types of 

pressure manipulations that I call ‘pressure’ and ‘super pressure’.   For the pressure 

manipulation I created a situation where participants in the High Pressure conditions were 

told that they must reach a very high accuracy criterion (95%) on a randomly chosen 

block to earn $50 for themselves and their partner who already did his or her part in 

earning the bonus.  Thus the participant was faced with the uncertainty of knowing which 

block would be chosen to determine whether they receive the bonus, and with the 

knowledge that failure on his or her own part to reach the bonus criterion would cause a 

worthy partner to not receive the bonus.  A manipulation very similar to this has been 

used in numerous previous studies and has been shown to induce pressure (e.g. Beilock 

and Carr, 2001; Gray; 2004; Beilock et al., 2004; Beilock and Carr, 2005; Markman et 

al., 2006; Beilock and Decaro, 2007). 

This type of pressure generally harmed experienced participants performing both 

a rule-based classification task and an information-integration task.  These results are in 

direct contrast to classification performance under pressure in novices (e.g. Markman et 

al., 2006).  Previous research demonstrated that learning the rule-based task is working-

memory intensive, while learning the information-integration task actually benefits from 

low working-memory capacity (Decaro et al., 2008; however see Tharp & Pickering, 

2009).  Thus, the observation that pressure hurts both tasks suggests that performance of 

experienced participants involves different processes than performance of participants 

learning the task.  This finding is consistent with the view that expertise involves training 
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of cortico-cortical connections that can swiftly and efficiently handle task performance 

(e.g. Ashby et al., 2007).   

Model-based analyses indicate that the pressure manipulation caused an increase 

in the use of sub-optimal strategies, albeit strategies of the same form as the optimal 

strategy.  Significantly more blocks of data from participants in the Information-

Integration High Pressure condition were fit best by a sub-optimal model relative to 

model fits from data from the final training session.  Noise parameter estimates from fits 

of the optimal models to the data indicate that pressure caused an increase in perceptual 

and criterial noise for participants performing both rule-based and information-

integration tasks under pressure.  These results suggest that the pressure manipulation 

disrupted the processing in the categorization system that was most optimal for 

participants performing both types of tasks under pressure.   

After all participants had completed five sessions of 640 trials each I employed a 

super pressure manipulation that was different in many ways from the pressure 

manipulation.  All participants were given a final 80-trial block in which they were told 

that perfect performance would yield a bonus of $100 cash.  Unlike the pressure 

manipulation, this manipulation had no social component.  Participants were trying to 

earn the large monetary bonus only for themselves.  The super pressure manipulation also 

differed from the pressure manipulation in that there was less uncertainty as to which 

block would be used as the criterion for the reception of the bonus.  For the pressure 

manipulation participants were told that a randomly selected block would be used to 

determine if they received the bonus.  If they made over 95% correct classifications on 

this randomly selected block then they would receive $50 for themselves and a partner.  
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Thus, there was some uncertainty as to which block would be used for determination of 

the bonus.  There was no such uncertainty with the super pressure manipulation.  

Participants knew the specific block that would determine whether they met the bonus 

criterion on.  Finally, the two manipulations differed in that the super pressure 

manipulation offered absolutely no chance for failure.  While the 95% accuracy criterion 

given in the pressure manipulation offered some small room for mistakes, any inaccuracy 

in the super pressure manipulation would lead to failure.   

I found a different pattern of results between the two pressure manipulations.  For 

the pressure manipulation, participants choked under pressure relative to participants 

given no pressure regardless of whether they learned the explicit rule-based task or the 

implicit information-integration task.  In contrast, for the super pressure manipulation, 

participants performing the rule-based task performed much worse than participants 

performing the information-integration task.   

The results of the super pressure manipulation are consistent with the possibility 

that explicit knowledge obtained during rule-learning disrupt the procedural skill 

developed over the extensive training period.  On this view, the super pressure 

manipulation caused participants to explicitly monitor their performance, but only Rule-

Based participants had explicit knowledge of the category structure that could influence 

their performance.  On this view, Information-Integration participants were more immune 

to the deleterious effects of monitoring, because they did not have explicit knowledge 

about the category structure from their early learning.  It should be acknowledged, 

however, that I can only assume that the super pressure manipulation further raised 

anxiety levels.  Future efforts should be made to include manipulation checks (e.g. 
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Houtman and Bakker, 1989). 

The acute nature of the super pressure manipulation may have brought out more 

differences between participants performing rule-based and information-integration tasks 

than the regular pressure manipulation.  The uncertainty about which block’s accuracy 

score would determine the bonus for the pressure manipulation, as well as the longer time 

span of the pressure manipulation compared to the super manipulation (i.e. eight blocks 

for the pressure manipulation compared to one block for the super pressure manipulation) 

may have reduced some advantages for participants performing information-integration 

tasks.  The super pressure manipulation required only one flawless string of trials to 

achieve the bonus, whereas the pressure manipulation required consistently high 

performance throughout eight 80-trial blocks.  It may have been more difficult to 

maintain high performance over such a long time-span.   

Future work should investigate different types of pressure manipulations.  Many 

real world events contain pressure situations that are more similar to either our pressure 

or super pressure manipulation.  Exams and sporting events, for example, may have more 

in common with our pressure manipulation.  These events occur over long periods of 

time.  Participants do not necessarily have to perform perfectly, but they must maintain 

very high performance throughout.  Team sporting events involve a social component 

similar to the one in our pressure manipulation.  Teammates depend on each other to 

reach their common goals.  Other real-world events such as surgeries, military missions, 

and chess matches more closely resemble our super pressure manipulation.  These events 

offer basically no room for failure.  The differences that I found in performance between 

the pressure and super pressure manipulations I used may have implications for 
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differences in the types of pressure people face in real-world situations.   

Implication for Theories of Choking 

 These results suggest that the effects of pressure on experienced classification are 

more in line with the predictions from the Monitoring theory than from the Distraction 

Theory.  The results are also consistent with a recently proposed theory of experienced 

information-integration classification (i.e. Ashby et al., 2007), and may extend the theory 

to account for experienced rule-based classification.  The middle rows of Table 1 predict 

a uniform decrement in performance while under pressure for both rule-based and 

information-integration category structures.  This pattern was obtained for the pressure 

manipulation.  Participants under pressure were less accurate during the pressure session 

relative to the final pre-pressure session than participants under no pressure.  This 

supports the prediction of Monitoring theory that pressure causes an increase in skill-

focused attention leading to lower accuracy.  

One puzzling aspect of these data, however, is the performance in the super 

pressure block.  Participants given the rule-based task choked under super pressure, while 

participants performing the information-integration task showed much smaller 

performance decrements under super pressure.  This pattern was observed during rule-

based and information-integration classification learning (Markman et al., 2006) and was 

interpreted as support for the Distraction theory.  It is possible to view these results in a 

way that is consistent with the Monitoring theory.  On this interpretation, pressure 

decreases performance for Rule-Based participants because they possess explicit 

knowledge about the task that they acquire during learning.  This explicit knowledge 

disrupts the automated system when under pressure.  In further support of this view the 
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first pressure manipulation appears to have caused greater decrements in performance for 

participants performing rule-based tasks than for those performing information-

integration tasks.   

Masters and colleagues’ Reinvestment Theory, a refinement of Explicit 

Monitoring theory (see, Masters and Maxwell, 2008), states that individuals engage in 

conscious self-regulation of their performance when there is a discrepancy between their 

current performance level and their desired performance level.  This theory could explain 

why participants performing information-integration classification tasks did not show as 

much choking on the super pressure block as they did during the first pressure 

manipulation.  The shorter time span to perform under pressure may have given 

participants less time to ruminate about the discrepancy between their current level of 

performance and their desired level of performance.  Thus, over longer periods of time 

participants may ‘break’ under pressure and engage in explicit monitoring which leads to 

choking under pressure.   

The Distraction theory is consistent with the pattern of data obtained in the super 

pressure block, assuming that the same neural systems that mediate classification during 

learning also mediate classification after the categories are well-learned.  However, this 

view cannot account for the uniform decrements in performance found across both 

category structures after the first pressure manipulation.  The combined pattern of data 

offers the most support for the Monitoring theory of choking under pressure in highly 

experienced participants.   

One view that is very similar to the Distraction theory is Processing Efficiency 

theory (Eynseck and Calvo, 1992; Wilson, Smith, Chattington, Ford, and Marple-Horvat, 
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2006).  Like Distraction theory, Processing Efficiency theory states that pressure causes 

worry that reduces available working memory resources.  However, Processing 

Efficiency theory further predicts that pressure may also stimulate increases in on-task 

effort, which may partially or totally compensate for reduced performance effectiveness.  

This increase in on-task effort could be viewed as similar to the proposed mechanism of 

choking in Explicit Monitoring theory.  Thus Processing Efficiency theory could combine 

both hypothesized mechanisms of choking into one theory.  Such a ‘double whammy’ 

effect of pressure has been proposed elsewhere (e.g. Beilock and Gray, 2007). 

Finally, individual differences in performing under pressure should be addressed 

in future work.  Several studies have already investigated dispositional traits such a 

reinvestment (e.g. Masters, Polman, & Hammond, 1993; Shea, Wulf, Whitacre, and Park, 

2001).  Participants who score high on the Reinvestment Scale (Masters et al., 1993), 

tend to choke more when performing motor tasks under pressure.  Other individual 

differences variables such as action orientation (Raab and Johnson, 2004), skill-focused 

attention (Baumeister, 1984), and internal and external attentional foci (Shea et al., 2001) 

may also affect performance under pressure.   

Much work remains to be done to examine the effects of pressure on performance, 

particularly for experts.  Many of the anecdotal phenomena of choking under pressure 

involve highly experienced individuals placed in high-stakes situations.  This study 

demonstrated that pressure affects novice and expert participants differently.   This study 

also illuminated the need for further development of models of expertise.  The 

conclusions to be drawn regarding the effects of pressure on expert participants depend 

upon models of expertise in category-learning.  Neuroimaging studies are another avenue 
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for further exploration to help determine the processes compromised by performance 

pressure. 
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5. General Discussion 

 In the present dissertation I extend research on the interface between motivation 

and cognition in several ways.  First, I extend previous work that has examined how the 

interaction between global and local performance incentives affects category learning 

into a popular decision-making paradigm.  In category learning a regulatory fit between 

local and global performance incentives led to better performance on rule-based 

classification tasks.  This is because a fit increased exploration of the variety of rules that 

could be used to solve the task, and this led participants to find, and implement, the 

correct rule.  I proposed that the same type of increased exploration would be manifested 

in a decision-making task as exploration of a variety of options.  By manipulating 

whether such exploration optimal in the task and by incorporating a model that could 

directly parameterize the degree of exploration exhibited in the task, I was able to 

conclusively demonstrate that a regulatory fit did indeed increase exploration. 

 Second, I extended regulatory fit theory to incorporate choking under pressure 

phenomenon in Study 2.  I proposed that nearly all motivational factors can be classified 

as predominantly approach or avoidance based, and proposed that social pressure should 

induce an avoidance-based global prevention focus.  This prevention focus should 

interact with the local reward structure of the task to create either a regulatory fit or 

mismatch.  The degree of regulatory fit experienced will then differentially affect 

performance on rule-based and information-integration category learning tasks.  My 

results showed a three-way interaction between global pressure-induced performance 

incentive, local reward-structure incentive, and task demand.  These results provide 

conclusive evidence that the effects of pressure result from how pressure affects the 
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underlying approach or avoidance motivation systems.   

 Finally, in Study 3 I examined how pressure affects performance on category-

learning tasks once the tasks have been well-learned.  In contrast to the results found with 

the novice participants used in Study 2, the results of Study 3 indicate that pressure 

affects performance on both rule-based and information-integration tasks in the same 

way.  This first indicates that while different neural systems may be active while these 

two tasks are being learned, a single system may be responsible to responding once the 

categories have been well-learned (e.g. Ashby, et al., 2007).  A shortcoming of Study 3 is 

that it only examined performance of highly experienced participants under pressure 

when the task was performed with a gains reward structure.  It is possible that the effects 

would be reversed if the task was performed with a losses reward structure.  Participants 

in Study 3 were in a regulatory mismatch because the pressure-induced prevention focus 

did not fit with the gains reward structure of the task.  If a single system mediates 

responding once the categories have been well-learned then this system could operate 

better when the participant experiences a regulatory fit.  Future work should address this 

issue. 

5.1 Related Results 

 In Study 1 I showed how the framing of global performance incentives can have 

strong effects on decision-making behavior.  Previous work found similar results in 

category-learning tasks (e.g. Markman et al., 2005; Maddox et al., 2006, Grimm et al., 

2008).  Recently, Otto and colleagues found similar regulatory fit effects in a dynamic 

decision-making task (Otto, Markman, Gureckis, & Love, 2010).  The optimal strategy 

on the task was to forego a higher local payoff of one option, and instead select the other 
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option which led to a higher cumulative reward.  Using the same type of raffle-ticket 

manipulation to induce a global promotion or prevention focus that I used in Study 1, 

they found that participants in a regulatory fit engaged in more systematic exploration of 

the available options.  This led to better performance. 

 Maddox and colleagues have also found effects of regulatory fit on the Wisconsin 

Card Sorting Task, a popular task used to diagnose neurological dysfunction (Maddox, 

Filoteo, Glass, & Markman, 2010).  The task is similar to rule-based category-learning 

tasks in that it requires implementation of a verbalizable rule for optimal performance.  

The optimal rule changes periodically so participants must efficiently explore a variety of 

rules to find the correct one.  Using the same type of raffle-ticket manipulation to induce 

either a global promotion or prevention focus Maddox and colleagues found better 

performance for participants who were in a regulatory fit compared to those in a 

mismatch.     

5.1.1 Stereotype Threat as a Type of Prevention Focus 

Recently, some researchers have begun to examine whether other motivational 

factors can induce global regulatory foci.  The approach of these researchers is similar to 

my approach in examining the effects of social pressure on performance.  The effects of 

stereotype threat have been proposed to have similar effects as that of social pressure.  

Negative task-relevant stereotypes have been well documented in laboratory research 

across a variety of domains from academic to athletic domains (e.g. Steele & Aronson, 

1995; Aronson, Lustina, Good, & Steele, 1999; Stone, Lynch, Sjomeling, & Darley, 

1999).  A good example of a real-world stereotype is that men are better at math than 

women (e.g. Steele, James, & Barnett, 2002).  Steele et al. (2002) found that women 
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majoring in math and engineering were more likely to switch majors than women 

majoring in fields that were less ‘male-dominated’.  They proposed that the reason 

women switched from these majors was because they wanted to avoid confirming 

negative stereotypes about their group by switching to majors that do not have negative 

stereotypes about women.   

Grimm and colleagues have proposed that people who are subject to a negative 

task-relevant stereotype are in a prevention focus because they seek to avoid confirmation 

of the negative group stereotype by poor performance on the task.  Similarly, people who 

are subject to a positive task-relevant stereotype are in a promotion focus because they 

seek to confirm the positive stereotype by good performance on the task.  This view 

suggests that the performance decrements linked to a negative task-relevant stereotype 

are due to a mismatch between the prevention focus induced by the negative stereotype 

and the reward structure of the task.  People in a stereotype threat are in a regulatory 

mismatch so they should underperform on tasks for which executive attention resources 

are required for optimal performance.  Intriguingly, this also suggests that the deleterious 

effects of negative task-relevant stereotypes can be avoided by altering the reward 

structure of the task to an avoidance-based losses reward structure.  Having participants 

perform the task with a losses reward structure would produce a regulatory fit for 

participants with a negative task-relevant stereotype, and a regulatory mismatch for 

participants with a positive task-relevant stereotype.   

To test this hypothesis, Grimm and colleagues had participants perform a rule-

based categorization task after inducing positive or negative task-relevant stereotypes, 

based on gender, to male and female participants (Grimm, Markman, Maddox, & 
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Baldwin, 2009).  Two experiments were performed.  In the first experiment, men were 

given a negative task-relevant stereotype and women were given a positive task-relevant 

stereotype.  Stereotype threat was induced by telling participants that “this is an 

experiment testing sex differences in spatial ability between men and women.  Previous 

research has shown that women perform better than men on tests of spatial ability.” This 

created a positive task-relevant stereotype for women, and a negative task-relevant 

stereotype for men.  In the second experiment, the stereotypes were reversed (i.e., men 

were given a positive stereotype and women a negative stereotype).    

In both experiments participants performed the same rule-based categorization 

task used by Maddox and colleagues (2006) to examine the interaction between 

situational regulatory focus and the reward structure of the task.  A positive stereotype 

was proposed to induce a promotion focus, and a negative stereotype was proposed to 

induce a prevention focus.  These situational foci interacted with the reward structure of 

the task (gains or losses) to induce a regulatory fit or a regulatory mismatch (see Figure 

1).  If participants were in a fit (i.e., positive stereotype with a gains reward structure or 

negative stereotype with a losses reward structure), it was hypothesized that they would 

have an increased amount of executive resources which would lead to better performance 

on the rule-based category-learning task.  If participants were in a regulatory mismatch it 

was hypothesized that they would have a decreased amount of executive resources which 

would lead to poorer performance on the task.  Critically, this view suggests that negative 

stereotypes can lead to better task performance than positive stereotypes.  This occurs 

when the negative stereotypes are paired with a matching losses reward structure.  

As predicted, there was a significant three-way interaction between stereotype 

73

 



(positive vs. negative), reward structure (gains vs. losses), and gender (male vs. female).  

Men given a negative stereotype performed more poorly on the task when they performed 

it with a gains reward structure that did not align with the prevention focus induced by 

the negative stereotype manipulation.  However, the effect reversed when men were 

given the same negative stereotype manipulation with a losses reward structure.  

Similarly, women given a negative stereotype performed worse when given a gains 

reward structure than a losses reward structure.   

Grimm and colleagues (2009) also directly addressed the common stereotype that 

men are better than women at math by asking participants to perform math problems 

from the Graduate Records Examination. It was assumed that female participants would 

be in a prevention focus when performing the math problems because they wished to 

avoid confirming the negative task-relevant stereotype about their group, and that male 

participants would be in a promotion focus because they wished to confirm the positive 

task-relevant stereotype about their group.  Half of the participants performed the task 

with a gains reward structure and the other half performed the task with a losses reward 

structure.   

 The results were consistent with the hypothesis that a negative task-relevant 

stereotype induces a situational prevention focus which interacts with the reward 

structure of the task to create a regulatory fit or regulatory mismatch.  There was a 

significant interaction between stereotype threat and reward structure.  Women 

performing the task with a losses reward structure (50.0% correct) performed 

significantly better than women performing the task with a gains reward structure (37.5% 

correct).  Men who performed the task with a gains reward structure (50.8% correct) 
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performed the task better than men who performed the task with a losses reward structure 

(45.0% correct), although this difference was not reliable.   

 These results are quite compelling.  Performance for participants who completed 

math problems from a real-world standardized test was affected by the interaction 

between their gender and the reward structure of the task.  Women performed 12.5 

percentage points better when given a losses reward structure that matched their 

situational prevention focus induced by the negative stereotype.  While it is difficult to 

equate the 12.5 percentage point differential into the numerical differences in scores on 

the Quantitative portion of the GRE, the difference could obviously alter the degree of 

educational opportunities available to women taking the test.  These results have 

important implications for real-life test-taking practices.   

Seibt and Forster (2004) examined the interaction between stereotypes and 

message frames on the number of items incidentally recalled after reading a text.  

Participants were primed with either a positive or negative stereotype by informing them 

that the group they belonged to usually did or did not do well on the task.  They were 

then asked to proofread a text that contained twenty sentences that had mistakes.  Ten of 

the sentences were promotion-framed and ten were prevention-framed.  When asked to 

recall as many items in the story as they could participants remembered more items with 

frames consistent with the regulatory focus induced by their stereotype.  Participants 

given positive stereotypes recalled more promotion-framed sentences and participants 

given negative stereotypes recalled more prevention framed sentences.   
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5.1.2 Perceived Risk as a Prevention Focus 

Aaker and Lee (2004, Experiment 3) manipulated perceived risk to compare the 

effects of this manipulation to the effects of manipulating regulatory focus.  It is probable 

that raising the level of perceived risk induces a situational prevention focus similar to 

raising pressure levels or invoking negative stereotypes.  Increasing perceived risk should 

activate the avoidance system which will induce a prevention focus.  In their experiment 

risk was manipulated by conveying that participants could contract mononucleosis on the 

basis of frequent (high-risk) vs. infrequent (low-risk) behaviors.  Participants had to rate 

their attitude toward a product that could prevent illnesses.  The message about the 

product was framed with either gains (e.g. “Enjoy life!”) or losses (“Don’t miss out on 

enjoying life!”).  Participants who read messages framed in a manner that was consistent 

with their perceived risk level gave higher brand attitude ratings than those who read 

messages that were framed in a manner inconsistent with their perceived risk level.  

5.2 Real World Implications 

These results have important implications for real-world performance when faced 

with different combinations of global incentives and mechanisms of goal pursuit.  They 

suggest that framing the task in a way that fits with the global incentive of the situation 

may improve performance.  For example, test-takers who are under severe pressure might 

significantly improve their performance if they viewed the test as one where they attempt 

to avoid making incorrect answers.   By framing the pursuit of a goal in a different way 

participants may be able to experience a regulatory fit.   

Similarly, global incentives can be framed in different ways to fit with 

mechanisms of goal pursuit that are inherent in some tasks.  For example, many sports 
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games have gains/non-gains reward structures where players can earn points if they make 

a shot or score a goal or receive nothing if they miss. In a recent study of clutch free-

throw performance by professional basketball players, my colleagues and I showed that 

the global incentive of the situation interacted with the gains/non-gains goal pursuit 

mechanism of attempting free throws (Worthy, Markman, & Maddox, 2009).  When a 

player’s team was behind by one point in the final minute of the game they performed 

worse than when the teams were tied.  The authors proposed that players who were 

behind by one point were seeking to avoid the global negative outcome of losing, 

whereas players who were tied were seeking to approach the global positive outcome of 

winning.  The inherent gains/non-gains goal pursuit mechanism of attempting free throws 

thus fit better with the global approach-based incentive associated with being tied.  

Interestingly, a similar explanation could account for the anecdotal phenomenon of sports 

teams blowing huge leads or, inversely, making spectacular comebacks.  The team’s 

global incentive may change from an approach-based to an avoidance-based focus once 

the team has established a large lead.  The research reviewed here suggests that players 

may perform better if they maintain their focus on approach-based goals rather than 

switching to an avoidance-based mindset.    

Regulatory fit may lead to the same reversal of negative trends when accounting 

for chronic dispositional foci.  While the studies presented here manipulated regulatory 

focus situationally, there has been extensive work examining chronic tendencies to favor 

either the approach or avoidance system.  Gray has proposed that people vary in their 

BAS (reward) and BIS (punishment) sensitivity (1970, 1981).  The BAS and BIS systems 

can be viewed as approach-based and avoidance-based systems.  Several researchers have 
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related high BAS and BIS sensitivity to various psychiatric disorders.  For example, high 

BAS sensitivity and/or weak BIS sensitivity has been related to sociopathic personality 

disorders (Fowles, 1980; Gray, 1985), and high BIS sensitivity has been related to 

anxiety or depressive disorders (Fowles, 1993).   Similarly, a prevention regulatory focus 

has been associated with depression (e.g. Miller & Markman, 2007).  The interaction 

between these chronic dispositions and goal pursuit mechanisms may be important for 

clinicians to consider.  Depressed individuals may be more motivated to participate in 

therapies or treatment plans that fit with their chronic prevention focus.  For example, 

therapy could focus more on avoiding negative thoughts rather than developing positive 

ones.   

Future work should more closely examine the interaction between chronic and 

situational foci.  Situational manipulations may have less of an effect on people who have 

strong dispositional tendencies.  For example, situational manipulations like pressure, 

stereotype threat, and situational incentives may not influence participants who have a 

strong chronic focus (e.g. depressed patients).   

5.3 Conclusion 

 The results of the studies presented in this dissertation as well as the ones 

reviewed above should broaden the scope of motivational research.  There is reason to 

believe that various motivational factors such as stereotype threat, social pressure, and 

regulatory focus have similar effects on the underlying approach/avoidance motivational 

systems.  Therefore the effects of one manipulation should be considered when making 

predictions about the effects of other manipulations.  In addition to the three motivational 

manipulations we have studied so far, other manipulations, such as ones affecting 
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positive and negative affect, may also affect the approach/avoidance motivation systems.  

By considering how motivational factors engage the underlying approach/avoidance 

systems the implications for studies using such manipulations can be more broadly 

examined. 

It is not only important to consider how a motivational manipulation affects the 

approach and avoidance systems, but also how the activation of one of these systems 

interacts with the mechanism of goal pursuit.  The fit between global approach or 

avoidance goals and the goal pursuit mechanism implemented for attaining those goals – 

whether it is an approach based mechanism such as gains-non-gains or an avoidance-

based mechanism such as losses-non-losses - is what most affects behavior.  This 

dissertation provides strong evidence for this.   
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Tables 
Table 1 
Predicted performance for participants performing under pressure 

   Rule-Based   Information-Integration 
 
 
Learning (Dual-System) 
Distraction   Choking    Excelling  
Monitoring   Excelling    Choking 
 
Experienced (Cortical) 
Distraction   Excelling    Excelling  
Monitoring   Choking*    Choking* 
 
Summary of Results 
Pressure   Choking    Choking 
Super-Pressure  Choking    Excelling 
  
 
*As explained in the Introduction, Monitoring Theory may also predict a greater degree 
of choking for Rule-Based participants than Information-Integration participants due to a 
greater amount of explicit knowledge about the category structure for available for Rule-
Based participants.   
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Table 2 

Category Distribution Parameters for the Rule-Based and Information-Integration 
Category Structures Used in the Experiment 

Category Structure  x x  x
 y

  covxy 

Rule-Based 
Category A   280 125  75 9000  0 
Category B   320 125  75 9000  0 
Information-Integration 
Category A   275 150  4538 4538  4351 
Category B   324 101  4538 4538  4351 
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Figures 
Figure 1.  Two category structures used in the Study 2.  (a) A unidimensional rule-based 
structure, and (b) a two-dimensional information integration structure. 
 
a. 
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b. 
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Figure 2. Total points earned with a gains payoff structure based on the number of cards 
drawn from the advantageous deck.   
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Figure 3. (a) Average distance from the bonus criterion for each group.  Distances were 
equated for gain and losses payoff structures. (b) Average number of cards drawn from 
advantageous deck for each group. 
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b. 

Average Number of Cards Drawn From 
Advantageous Deck
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Figure 4. (a) Average best fitting exploration-exploitation parameter values for each 
condition in Experiment 1. (b) Average best fitting recency parameter values for each 
condition in Experiment 1. 
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b.

Recency Parameter Values
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Figure 5. (a) Average distance from criterion for promotion and prevention subjects in 
Experiment 2.  (b) Average number of cards drawn for promotion and prevention 
subjects.   
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b. 

Cards Chosen from "Deck A"
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Figure 6.  Average best fitting exploration-exploitation parameter values for each 
condition in Experiment 2.   
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Figure 7.  Mean accuracy for the two category structures in the Low and High Pressure 
conditions from Experiment 1. 
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Figure 8.  Model results from Experiment 1. (a) Proportion of participants learning rule-
based categories best fit by a unidimensional rule-based model on the spatial frequency 
dimension.  (b) Proportion of participants learning information integration categories best 
fit by an information integration model. 
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Figure 9. Mean accuracy for participants in each condition in Experiments 1 and 2 
averaged across block.   
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Figure 10. Difference in accuracy between the pressure and final pre pressure sessions 
collapsed across all blocks. 
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Figure 11. (a) Proportion of Information-Integration participants best fit by the optimal 
GLC model for each block of the pressure session.  (b) Proportion of Rule-Based 
participants best fit by the optimal unidimensional frequency model for each block of the 
pressure session.  
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Figure 12. Difference in criterial noise from the optimal decision bound model between 
the final training session and the pressure session. 
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Figure 13. Average first trial missed on the super pressure block.   
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