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Dimensional approaches to cognitive function in psychopathology and aging 

Abstract 

 Traditional methods in the study of psychopathology have largely focused on reified 

disorders that fail to reflect biologically valid psychiatric pathophysiology. This nosological 

approach defines separate disorders as distinct entities despite significant symptom and trait 

overlap across diagnostic categories. Moreover, these transdiagnostic symptoms and traits are 

commonly associated with specific sources of cognitive dysfunction that also transverse 

diagnostic labels. An alternative approach to nosology is to use dimensions that reflect individuals 

as points along the full range of a characteristic or cognitive process. The dimensional approach 

allows us to examine how changes in a particular cognitive function are associated with 

psychiatric illness, or the aging process. In the current dissertation, we leverage the advantages 

of computational modeling and dimensional approaches to the study of psychology. We examine 

dimensions of cognitive function and transdiagnostic psychiatric dimensions. Study 1 examines 

goal-directed decision-making across the psychopathology spectrum. We show that incentives 

can be used to boost a computational signature of goal-directed planning despite increasing 

severity of transdiagnostic symptoms and traits. Study 2 does a transdiagnostic examination of 

the law of least mental effort which states we tend to minimize mental effort or work. We show 

that elevations in some transdiagnostic symptoms and traits are associated with deviations from 

this general principle. In study three, we return to the use of incentives to ask if we can boost 

goal-directed planning in older adults. Our results suggest that older adults naïve to behavioral 

paradigms are impaired in their ability to increase a computational signature of goal-directed 

planning. The results across these three studies suggest that dimensional approaches provide a 

flexible, and widely applicable, method to study a broad range of psychological phenomena.  



iv 

Table of Contents 
 

Introduction Page 1 
 
 
Review Paper Page 6  

 
Patzelt E.H., Hartley, C., Gershman S.J. (2018) Computational 

phenotyping: using models to understand individual differences in 
personality, development, and mental illness. Personality 
Neuroscience, 1, pp. 1-10. 

 
 

Empirical Studies 
 
Paper 1 Page 44  

 
Patzelt E.H., Kool, W., Millner, A.J, Gershman, S.J. (2019). Incentives 

boost model-based control across a range of severity on several 
psychiatric constructs. Biological Psychiatry, 85, pp. 425-433.  

 
Paper 2 Page 71 
 
Patzelt E.H., Kool, W., Millner, A.J, Gershman, S.J. (2019) The 

transdiagnostic structure of mental effort avoidance. Scientific Reports, 
9, pp. 1689. 

 
Paper 3 Page 97 
 
Patzelt E.H., Kool, W., Millner, A.J, Gershman, S.J. (submitted) Boosting 

model-based control in older adults. 
 
 
Discussion Page 120 
 
Supplemental Information Paper 1 Page 129 
 
Supplemental Information Paper 2 Page 143 
 
 
  

 



v 

Acknowledgements 

 First I would like to thank Sam Gershman. I joined Sam’s lab in my 4th year with the challenging 
task of developing a program of research and completing a dissertation. Sam provided the support and 
mentorship I needed to develop as a scientist while consistently putting me at ease. I feel truly grateful to 
have benefitted from the talented group of researchers and individuals that center around his leadership. I 
have always felt like a colleague of Sam’s and though nerve-wracking at times, this was a level of respect 
that I truly cherished. His example of humility and equanimity in the face of pressure is something for me 
to strive towards.  
 To my fiancée Ann Carroll, I owe you an enormous debt of gratitude. You have been nothing 
short of rock solid throughout my graduate training and had faith in me when I was unable to muster it for 
myself. Your kind heart, devotion, and patience cannot be understated and I only hope to provide the 
same level of support for you while completing your PhD in clinical psychology and we build our life 
together in Chicago next year. I feel like a pretty lucky guy. 
 I would like to thank Matt, Fiery, and Leah for their flexibility and support throughout the 
dissertation process. At times I needed special provisions to account for the shortened timeline and they 
were openly motivated in guiding me towards success. At each point throughout the journey I felt 
empowered to move forward with the support of my committee, and though dissertation is difficult, they 
eased the demands of this lengthy process. 
 To my growing family, including my Dad and Mom, sisters Julia, Regina, and Emily, their 
husbands Ricky, Nick, and Chris, and my adorable nephews, Lou, Vinny, Wesley, Eddie, and the 5th little 
guy on the way. I cannot say how grateful I am to have you all in my life. You continued to encourage me 
throughout the last 5 years despite self-doubt and feeling overwhelmed. It is pretty great to have a team 
like that in my corner. 
 I would like to thank my clinical mentors Lois, Karen, and Brandon. Throughout two years working 
under their guidance I had a transformative experience. I only hope to be the clinician and mentor they 
each were to during my time at the Gunderson Residence. The skills they taught me are too many to list 
here, and I am only beginning to discover how their training developed me into a clinical psychologist. 
 I would like to thank the men of my Tuesday and Thursday night meetings. Their support each 
week helped me to maintain a level of emotional and psychological well-being that was critical as I 
entered graduate school, formed a relationship with my now fiancée, and worked towards completing my 
PhD.  
 I would like to thank the clinical faculty. In particular, Jill and Rich put their full support behind me 
during the difficult internship match process. I can never truly know how this helped me match at the 
Minneapolis VA, but the support alone provided me with the confidence I needed to face a challenging 
round of interviews. I would also like to thank Josh for providing me the opportunity to come and complete 
my degree at Harvard. Finally, Matt has always taken the position of guiding me towards the career that I 
want. Like Sam, his sole interest has been that I develop in a way that is meaningful to me personally and 
professionally. 
 I would like to thank my peers in the psychology department. I had the opportunity to share who I 
am with many of you. As such, there are far too many people to list here for fear that I would miss 
someone who contributed to my success. This includes my cohort, the members of Northwest, the 
members of the computational cognitive neuroscience laboratory (in particular my office mates), and the 
students in the clinical psychology program. 
 I would like to thank Alex and Wouter. The studies in this dissertation are the direct result of their 
mentorship in writing and scientific inquiry. This is never an easy process, and they showed incredible 
patience in the face of my ongoing development. 
 This dissertation has been the result of many people providing me with precious support and 
time, and I cannot express enough that this was a team effort.



 

 1 

Introduction 

Mental illness is a worldwide problem. In the United States alone, almost 50% of people will 

experience a mental health diagnosis in their lifetime (Kessler et al., 2005). Despite this, 

individuals with mental health challenges still face significant stigma and discrimination in the form 

of social exclusion, lack of vocational integration, and poor access to healthcare (Lasalvia et al., 

2013; Thornicroft, Brohan, Rose, Sartorius, & Leese, 2009). Meanwhile, severe psychological 

problems are often not considered psychiatric illness. For example, global burden of disease 

estimates (GBD) do not include suicide and self-injury, personality disorders, overlap between 

psychiatric and neurological disorders, chronic pain, nor mortality due to the sequelae of mental 

illness (GBD 2013 Mortality and Causes of Death Collaborators, 2015). When these are added to 

the GBD estimates, psychiatric illness accounts for 32.4% of years lived with disability (YLDs) 

and 13.0% of disability-adjusted life-years (DALYs) (Vigo, Thornicroft, & Atun, 2016). This places 

mental illness number one in terms of disease burden for YLDs, and of equal rank with circulatory 

and cardiovascular disease in terms of DALYs.  

Part of the difficulty in estimating the GBD of mental illness is a consequence of the 

nosological complexity of psychiatric problems. While several systems have been developed to 

classify and categorize mental disorders and syndromes (Clark, Cuthbert, Lewis-Fernández, 

Narrow, & Reed, 2017), these often fail to integrate significant etiological overlap in biological and 

cognitive processes underlying mental illness (Cuthbert & Insel, 2013; Insel et al., 2010). The 

resulting gap between nosology and mechanism arises because traditional diagnosis relies on 

presenting signs and symptoms. This provides a useful clinical nomenclature. But this descriptive 

approach does not accurately reflect psychiatric pathophysiology, and therefore, obscures 

biologically valid conceptualizations of mental illness. An alternative approach is dimensions of 

function that represent neurobiological processes and observable behavior that cut across 

diagnostic boundaries (Cuthbert & Insel, 2013). Dimensions denote each individual’s functioning 
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along the continuum of a trait or characteristic. In addition, they reflect the full range of functioning, 

from normal to abnormal.  

In a review paper and three empirical studies, we take a dimensional approach to 

psychopathology and aging. In the review paper, we illustrate the advantages of using 

computational modeling to develop phenotypes representing dimensions of function that link 

neurobiology and cognition to behavior. In the first paper, we combine computational phenotyping 

with transdiagnostic dimensions of psychopathology to ask if psychiatric illness is associated with 

changes in the deployment of goal-directed behavior in response to incentives. In the second 

paper, we ask if the same dimensions of psychopathology are associated with disruptions in the 

exertion of mental effort. In the final paper, we return to the use of computational phenotyping to 

ask if the incentives promote flexible goal-directed planning in older adults.  

 

Computational phenotyping 

 Recently, there have been significant advances in our understanding of the mechanisms 

the link neurobiology and cognition, to observable behavior. By combining computational 

neuroscience with the fields of personality, development, and mental illness we have begun to 

understand how and why a particular set of cognitive and biological processes leads to individual 

variation in the dimensions underlying everyday decision-making. This mathematical approach 

provides a formal definition that cuts across diagnostic boundaries and inter-disciplinary fields of 

psychology. In the review paper we examine how these complex learning and decision-making 

processes can be captured by a computational phenotypes that represent each individual as a 

point in continuous parameter space. This complements traditional approaches to personality, 

developmental trajectories, and psychopathology by providing a mechanistic framework of 

individual function.  

 

Boosting model-based control in psychopathology 
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 Everyday decision-making reflects the tension between our habits and goals. Most days 

our route to work is habitual and requires little forethought or planning. However, some days we 

encounter obstacles on the way, such as a construction site that requires us to deploy a new plan. 

The habitual approach we used before is easy, automatic, and cognitively cheap. However, if we 

apply this automatic approach to planning our new route, we most certainly will not arrive at the 

correct location. Therefore, planning ahead provides a flexible problem solving approach, but this 

requires additional cognitive resources. Learning theorists have used computational models to 

mathematically formalize the balance between habits (“model-free control”) and goal-directed 

planning (“model-based control”) (Daw, Niv, & Dayan, 2005; Dolan & Dayan, 2013; Sutton & 

Barto, 1998), often referring to it as model-based control.  

The intuitive link between model-based control and our everyday decision-making has led 

to substantial interest in how model-based control is associated with various aspects of 

psychopathology. In particular, recent work by Gillan and colleagues demonstrates the use of 

combining computational dimensions of function (i.e., model-based control) with transdiagnostic 

dimensions of psychopathology (Gillan, Kosinski, Whelan, Phelps, & Daw, 2016). In their 

conceptualization, model-based control is a stable and unchanging trait. However, recent work 

shows that we can dynamically adjust model-based control in the individual, with the use of 

incentives (Kool, Gershman, & Cushman, 2017). 

In the first paper, we extend this work by asking a simple question: can we use incentives 

to boost model-based control within individuals who have elevated levels of psychiatric illness? 

To answer this, we combine a large online sample and a sequential decision-making task (Kool 

et al., 2017), with a range of psychiatric constructs that cut across diagnostic boundaries. If model-

based control can be boosted in individuals with psychiatric illness, it suggests incentives could 

be a promising therapeutic intervention to increase goal-directed behavior. 

 

The transdiagnostic structure of mental effort 
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The law of least mental effort states that cognitive processes have a tendency to minimize 

the use of mental effort and resources. Various tasks throughout our day demand different levels 

of mental effort exertion. Checking email may be relatively effortless, while revising a manuscript 

is often quite effortful. Given the ubiquity of effort demands in daily life, the allocation of mental 

effort is particularly important. For example, deviations in effort expenditure can be understood 

as vulnerabilities in decision-making and psychopathology has been consistently associated with 

disruptions in effort-based decision-making (for reviews see, Culbreth, Moran, & Barch, 2018; 

Holroyd & Umemoto, 2016; Le Heron, Apps, & Husain, 2017; Pessiglione, Vinckier, Bouret, 

Daunizeau, & Le Bouc, 2017; Salamone, Yohn, López-Cruz, San Miguel, & Correa, 2016). 

Despite the prevalence of effort disruptions in psychiatric illness, no studies have done a 

transdiagnostic examination of effort expression in psychopathology.  

In the second paper, we use a behavioral index of mental effort (Kool, McGuire, Rosen, & 

Botvinick, 2010) and several symptoms and traits across the psychopathology spectrum to ask: 

are there transdiagnostic dimensions of psychopathology associated with disruptions in the 

expression of mental effort? This study will help uncover common dimensions of effort dysfunction 

that cut across diagnostic boundaries.  

 

Boosting model-based control in older adults 

 Aging is a normal stage of the developmental trajectory. Most of us will experience 

childhood, adolescence, and older adulthood. Yet, relatively few studies have used computational 

modeling to examine processes that are tuned differently at different stages of development (van 

den Bos, Bruckner, Nassar, Mata, & Eppinger, 2017). Formalizing dimensions of function with 

computational modeling is imperative to understanding the mechanisms underlying 

developmental changes in behavior and biology (van den Bos & Eppinger, 2016). For example, 

there is a total absence of model-based control in childhood, its’ emergence in adolescence, and 

further strengthening in early adulthood (Decker, Otto, Daw, & Hartley, 2016). The developmental 
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arc of model-based control then experiences a downturn in older adulthood (Eppinger, Walter, 

Heekeren, & Li, 2013), suggesting it is a particularly rich dimension for further investigation.  

In the third study, we again leverage the benefits of large scale online data collection and 

computational modeling to ask: can we use incentives to boost model-based control in older 

adults? Like paper one, the answer to this question may provide a promising therapeutic target to 

increase flexible planning in older adulthood.  
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Review Paper 

Patzelt E.H., Hartley, C., Gershman S.J. (2018) Computational phenotyping: using models to 

understand individual differences in personality, development, and mental illness. Personality 

Neuroscience, 1, pp. 1-10. 



 

 7 

Abstract 

This paper reviews progress in the application of computational models to personality, 

developmental and clinical neuroscience. We first describe the concept of a computational 

phenotype, a collection of parameters derived from computational models fit to behavioral and 

neural data. This approach represents individuals as points in a continuous parameter space, 

complementing traditional trait and symptom measures. One key advantage of this representation 

is that it is mechanistic: the parameters have interpretations in terms of cognitive processes, which 

can be translated into quantitative predictions about future behavior and brain activity. We 

illustrate with several examples how this approach has led to new scientific insights into individual 

differences, developmental trajectories, and psychopathology. We then survey some of the 

challenges that lay ahead. 
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Introduction 

The study of personality has a rich history examining individual differences in how we behave, 

relate to ourselves and each other, and understand our experiences and environment. This work 

has had the significant challenge of linking multiple levels of analysis spanning complex neural 

and cognitive processes. Recently, computational models have provided a powerful tool to 

mathematically formalize this complexity, and provide rich descriptions of the processes 

underlying human behavior. In the present review, we discuss the concept and promise of a 

computational phenotype – a collection of mathematically derived parameters that precisely 

describe individual differences in personality, development, and psychiatric illness.  

Traditional approaches to personality are grounded in the study of individuals and how they 

differ across a range of psychological characteristics that are indexed via measures of traits or 

symptoms. The most widespread example of this is “general intelligence” (Spearman, 1904). 

Individuals higher on general intelligence experience better educational (Deary, Strand, Smith, & 

Fernandes, 2007) and job-related outcomes (Ree, Earles, & Teachout, 1994; Schmidt & Hunter, 

2004). However, this research is largely descriptive; general intelligence is a composite measure 

of several underlying cognitive processes including, but not limited to, working memory (Alloway 

& Alloway, 2010), verbal and spatial ability, reasoning and processing speed (Deary, Penke, & 

Johnson, 2010; Hunt, 2011; Lubinski, 2004). This composition of processes has been examined 

experimentally, but rarely formalized mechanistically. A formal mechanistic definition describes 

how and why the composition of processes leads to the observable outcome or behavior.  

Computational applications to psychiatry have been widely advocated in recent literature   

(Adams, Huys, & Roiser, 2015; Friston, Stephan, Montague, & Dolan, 2014; Huys, Maia, & Frank, 

2016; Huys, Moutoussis, & Williams, 2011; Maia & Frank, 2011; Montague, Dolan, Friston, & 

Dayan, 2012; Paulus, Huys, & Maia, 2016; Petzschner, Weber, Gard, & Stephan, 2017; 

Schwartenbeck & Friston, 2016; Stephan, Iglesias, Heinzle, & Diaconescu, 2015; Stephan & 

Mathys, 2014; Wang & Krystal, 2014; Wiecki, Poland, & Frank, 2015). In particular, the process 
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of computational phenotyping has been described in considerable depth using real and simulated 

data (Schwartenbeck & Friston, 2016; Wiecki et al., 2015). Yet, computational perspectives in the 

fields of personality and development have been relatively limited. Thus, the current review has 

three goals. First, we broadly outline how computational phenotypes work, and why individuals 

differ in their phenotype. Second, we review recent work that illustrates the benefits of using 

computational phenotypes to investigate individual differences. Third, we look forward to 

challenges in the practical application of computational phenotypes. 

 

Computational Phenotypes: How and Why 

A computational phenotype is a set of parameters, derived from neural and behavioral data, 

which characterizes an individual’s cognitive mechanisms. We broadly schematize the process 

of deriving individual phenotypes in Figure 1A. This more explicit mechanistic characterization 

complements traditionally descriptive trait and symptom measures in several ways: it formalizes 

cognitive processes quantitatively, and reduces dimensionality by compressing the target process 

into a parameter or set of parameters. Moreover, these parameters vary within and between 

individuals, providing an opportunity to examine individual differences in computational 

mechanisms. The parameters are also sometimes linked to underlying neurobiological 

mechanisms. 

To illustrate how computational models can provide a mechanistic understanding of behavior, 

Figure 1B shows a case study of Pavlovian conditioning (Rescorla & Wagner, 1972; Sutton & 

Barto, 1998). In this experimental paradigm, a light signals the receipt of reward. The Rescorla-

Wagner model (Rescorla & Wagner, 1972) explains how the light comes to acquire an association 

with reward (the “cue value”, denoted by V) over the course of conditioning. The learning equation 

uses the cue value on the current trial t (Vt) to calculate the cue value for the next trial (Vt+1): 

 
Vt+1 = Vt + αδt 
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where α is a learning rate parameter (governing how quickly an individual learns) and the reward 

prediction error δt is defined as the cue value from the last trial subtracted from the observed 

reward rt. 

 
 

δt = rt − Vt 
 
 
These equations are formal definitions and serve as mechanistic hypotheses about a wide range 

of learning and decision-making processes with intricate ties to neurobiology. For example, 

reward prediction error signals have been found in midbrain dopamine neurons and functional 

activation in the ventral striatum (Glimcher, 2011; O’Doherty et al., 2004; Pessiglione, Seymour, 

Flandin, Dolan, & Frith, 2006; Schultz, Dayan, & Montague, 1997). In this simple model, the 

computational phenotype typically corresponds to the learning rate (Figure 1C), which has been 

linked to genetic (Frank, Moustafa, Haughey, Curran, & Hutchison, 2007) and developmental 

differences (Christakou et al., 2013; van den Bos, Cohen, Kahnt, & Crone, 2012) between 

individuals. The prediction error signal itself has sometimes been used as a computational 

phenotype, distinguishing learners from non-learners (Schönberg, Daw, Joel, & O’Doherty, 2007) 

and tracking individual differences in the relationship between fluid intelligence and dopamine 

synthesis (Schlagenhauf et al., 2013). We return to the latter study in depth, within the section on 

computational phenotyping in personality. 

Another key advantage of computational phenotypes, such as learning rate, is dimensionality 

reduction. Describing a behavioral phenotype without a computational model requires a collection 

of parameters (e.g., accuracy, reaction time, choice preference) that roughly approximate the 

process of interest. Computational model parameters compress this information into a single 

parameter (e.g., learning rate) or set of parameters that specify how cognitive mechanisms 

produce behavior and neural activity. 



 

 11 

 In sum, computational phenotypes define how the cognitive process works mechanistically 

and provides rich descriptions about why individual variation in phenotypes (e.g., learning rate) 

produces different behavioral outcomes and neural activity. 

 

Figure 1: A. Computational phenotyping pipeline. Underlying cognitive or biological processes 

give rise to brain or behavioral data. The data is entered into the computational model, which 

produces a set of parameters representing the phenotype. B. Process represented by 

computational phenotype. In this example, the light represents a cue that indicates a monetary 

reward. The value of the cue changes on each trial as a function of the value of the cue on the 

last trial (Vt-1), the learning rate  (i.e., computational phenotype; 0.3 in the illustration), and the 

prediction error (observed reward – cue valuet-1) (Rescorla & Wagner, 1972).  C. Learning rate is 

the computational phenotype. It varies between individuals, which is why the cue value changes 
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at different rates for each person. D. Learning rates are estimated using Bayesian analysis, 

increasing parameter sensitivity by using posterior distributions that incorporate uncertainty about 

the phenotype within and between individuals. 

 

Model Selection and Parameter Estimation 

Any study of computational phenotypes faces two methodological questions: how to select 

the appropriate model, and how to estimate the parameters of that model. Here we will briefly 

review the main approaches to these questions. 

Models are typically evaluated in one of two ways. Goodness-of-fit criteria, such as the 

likelihood ratio test, the Bayesian information criterion, and the Akaike information criterion, 

evaluate how well the model fits the data, while penalizing for model complexity. Bayesian model 

selection criteria are similarly motivated, but place a full distribution over models. Each of these 

criteria is grounded in different theoretical foundations, so it is often useful to calculate multiple 

criteria. Predictive criteria evaluate how well a model predicts held-out data. For example, cross-

validation uses a model fit to one subset of the data to predict another subset of the data. 

Parameter estimation methods fall into one of two categories. Point estimation methods are 

based on fitting a single set of parameters for each individual. Bayesian methods are based on 

estimating a posterior distribution over parameters, which allows the researcher to quantify 

parameter uncertainty (Figure 1D). Hierarchical Bayesian models (see Gelman et al., 2013; 

Wiecki et al., 2015) take this one step further, estimating distributions over both group-level and 

individual-level parameter estimates. Researchers can also incorporate prior beliefs about 

parameter estimates from other datasets, thereby increasing parameter reliability, identifiability, 

predictive validity, and sensitivity to individual differences (Gershman, 2016). 

 

Computational Phenotyping: Personality, Development, and Psychiatric Illness 
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Next, we will illustrate the value of computational phenotypes from several different 

perspectives. Given the scientific breadth of this review, for each perspective we will focus on 

specific case studies rather than providing exhaustive coverage of the literature. We will show 

how this approach can reveal new insights into individual differences in personality and examine 

how the computational phenotype changes over the course of development and aging. Finally, 

we will show how differences between healthy and disordered brain function can be mapped onto 

systematic changes in the computational phenotype.  

The Computational Structure of Personality 

Traditional approaches to the study of personality, such as factor analysis, have been 

particularly effective in reducing the high-dimensional space of personality to latent constructs 

such as the Big Five (openness, conscientiousness, extraversion, agreeableness, neuroticism) 

(Tupes & Christal, 1992). These personality dimensions are largely stable across the lifetime and 

predict a number of individual differences (e.g., religiosity, dating frequency, and alcohol use 

among many others; Paunonen, 2003). Despite this predictive validity, traditional personality 

constructs are largely agnostic as to the cognitive mechanisms by which differences in personality 

lead to differences in behavior.  

For example, conscientiousness is associated with a wide range of adaptive behaviors 

and outcomes such as greater health and longevity (Bogg & Roberts, 2013), and increased 

reliability and goal-directed behavior (Jackson et al., 2010). Indeed, how people differ in 

conscientiousness has been well documented, but it is still relatively unclear as to why people 

differ in conscientiousness (Abram & DeYoung, 2017). In part, this is due to the fact that 

conscientiousness is comprised of a heterogenous composition of underlying processes. 

Disentangling these processes is a task for which computational phenotyping can be uniquely 

useful. The specific processes can be operationalized, such as why people higher in 
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conscientious seek more goal-directed behavior. Identifying the computational phenotypes 

associated with these personality constructs offers the opportunity to link the predictive validity of 

the construct to its underlying mechanisms. In this section, we examine a set of examples that 

illustrate what computational models have to offer as a complement to these traditional constructs. 

 

Personality: Goals and Habits 

Computational modeling has had an enormous impact on our understanding of decision-

making. Here we focus on one particular aspect of this research area: the distinction between two 

forms of action selection, one based on goals and one based on habits. Initial studies theorized 

that goal-directed behavior (as studied in rats) was subserved by a “cognitive map” of the 

environment that supported flexible pursuit of goals (Tolman, 1948). Tolman hypothesized the 

use of latent learning and planning processes that went far beyond the stimulus-response habits 

posited by the behaviorists (Thorndike, 1911). Despite the intuitive link to our everyday 

experience, researchers had only glimpses into the underlying processes. It took more than 50 

years to integrate advances in engineering (Bellman, 1957), computer science (Sutton & Barto, 

1998), neuroscience (Schultz et al., 1997), and psychology (Daw, Gershman, Seymour, Dayan, 

& Dolan, 2011; Dickinson, 1985) into a synthetic theoretical framework for understanding how the 

human brain carries out goal-directed and habitual action. This modern computational synthesis 

conceptualizes goal-directed action arises from using an internal model (“model-based” control) 

of potential actions and their consequences in the environment, whereas habits arise from a trial-

and-error learning system that does not exploit an internal model (“model-free” control).  

By constructing explicit computational models of these two systems and their interplay, 

researchers have been able to capture individual differences in the degree of reliance on model-

based vs. model-free control using a single parameter estimated from a canonical task (Daw et 

al., 2011). This line of work has led to the study of how stress (Otto, Raio, Chiang, Phelps, & Daw, 

2013), age (Decker, Otto, Daw, & Hartley, 2016; Eppinger, Walter, Heekeren, & Li, 2013), and 
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psychiatric illness (Gillan, Kosinski, Whelan, Phelps, & Daw, 2016; Sebold et al., 2014, 2017; 

Voon et al., 2015) affect, or fail to affect (Nebe et al., 2018), the delicate balance between model-

based and model-free control. 

Individual variation in model-based control was recently captured by Otto and colleagues 

when they examined how model-based control is affected by individual differences in stress 

response (Otto et al., 2013). Participants submerged their arms in ice-cold water (a commonly 

used acute stress manipulation) and their cortisol levels were measured. Subsequently, they 

completed a two-step sequential decision task (Daw et al., 2011), that we will refer to as the “two-

step task”. Computational parameters fit to this task characterize several aspects of learning and 

decision-making, including the relative contribution of model-free and model-based control for 

each individual. Otto and colleagues found that participants with higher cortisol levels (greater 

stress response) exhibited less model-based control. In turn, this effect was modulated by working 

memory capacity such that greater working memory attenuated stress-induced reductions in 

model-based control. The key insight from this study is that the precise characterization of how 

stress and working memory affect individual variation in the computational phenotype (i.e., model-

based control), thereby shifting the balance between goal-directed and habitual action. Future 

work could seek to understand how model-based control does, or does not, covary with 

conscientiousness and stress.  

 

Personality: Social Cognition 

Personality measures such as extraversion and agreeableness are composed of questions 

about social interaction, including how we relate to ourselves and others. Computational 

phenotyping increases our understanding of social interaction by specifying the mechanisms 

underlying social cognition. For example, computational models of social cognition include 

parameters representing how quickly we change our view of others, beliefs about the motivations 

driving their behavior, and a host of other features of social interaction. A recent study 
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(Diaconescu et al., 2014) provides a nice example of computational phenotyping of social 

cognition in an economic decision-making game.  

Diaconescu and colleagues (Diaconescu et al., 2014) used a paradigm where participants 

were asked to predict the outcome of a lottery. Each participant was paired with an advisor who 

provided information to aid in the participant’s lottery prediction. Importantly, the advisor was 

incentivized to provide misleading or helpful information, and this varied over time. The critical 

question for the participant was whether or not to trust the advice of the advisor. Two key 

parameters from the computational model were (1) a parameter representing the perceived 

volatility of the advisor’s intentions (i.e., how quickly the advice shifted between misleading or 

helpful), and (2) a parameter representing the perceived advice correctness. When the perceived 

volatility of the advisor’s intentions was high, players weighted their advice lower. Strikingly, 

players with higher self-reported perspective-taking proficiency had more stable representations 

of their advisor. This was indicated by slower changes in their belief about advice correctness. 

Thus, a personality trait (perspective-taking proficiency) directly corresponded to a parameter 

representing the participant’s estimate of another person’s trustworthiness. In this example, we 

have a computational phenotype with parameters for each individual describing how and why they 

ultimately decide to take the advice of another person. This computational approach was 

subsequently extended to the relationship between social cognition and a personality 

questionnaire measuring autism traits in a healthy population (Sevgi, Diaconescu, Tittgemeyer, & 

Schilbach, 2016).  

Autism is characterized by impairment in social communication and social interaction leading 

to great difficulty maintaining interpersonal relationships. Moreover, autism traits are continuously 

distributed in the general population (Robinson et al., 2011).To investigate the processes that 

underlie these traits, Sevgi and colleagues employed a computational approach in a social 

decision-making task while measuring a score on the autism spectrum in a healthy population 

(Sevgi et al., 2016). They used a game in which using social cue information (indicated by the 
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directional “gaze” of a human avatar) resulted in higher task performance. A computational 

parameter that represented the weighting of this information in subsequent decisions was 

correlated with autism score such that higher autism traits were associated with less reliance on 

social information during decision-making. Moreover, the study showed that individuals high on 

the autism spectrum showed particular difficulty integrating social advice under more volatile task 

conditions. Thus, a computational phenotype characterizing a social decision-making process 

provides a specific mechanism whereby elevations in autism traits are associated with a 

decreased ability to effectively learn from social information. Next, we turn to the use of 

computational phenotyping to identify mechanisms underlying individual differences in how 

people process threatening situations. This is particularly relevant to the construct neuroticism, 

whereby people higher in this trait experience greater levels of anxiety and worry. 

 

Personality: The Spontaneous Recovery of Fear 

A core feature of adaptive behavior is the ability to update our beliefs about threatening 

situations once they no longer pose a threat. However, some individuals continue to feel fear in 

apparently safe situations, whereas others seem to learn that a situation no longer poses a threat. 

In accordance with this idea, a recent paper by Gershman and Hartley (Gershman & Hartley, 

2015) demonstrated how a computational phenotype helps explain why some people seem to 

have persistent fears, while others do not. 

Gershman and Hartley measured skin conductance response during Pavlovian conditioning. 

The experiment consisted of three phases: (1) acquisition of the initial fear association by pairing 

cues with shock, (2) extinction of the fear association by presenting the cues repeatedly without 

shock, and (3) testing of fear response one day later. Spontaneous recovery of fear was measured 

as the difference between skin conductance response on the first block of test relative to the last 

block of extinction (i.e., how much did an individual’s fear response to the cue re-emerge, despite 

having extinguished this fear response on the previous day). Gershman and Hartley fit a 
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computational model of learning to the acquisition and extinction skin conductance data. This 

model posited that participants make inferences about the “latent causes” underlying the cue-

shock pairs. When the contingencies change sufficiently, the participants should infer that a new 

latent cause is active. A single parameter controls the sensitivity of latent cause inferences to 

contingency change. For small values of this parameter, the acquisition and extinction phases are 

clustered together into a single cause, producing unlearning of the acquired fear and hence no 

possibility of recovery at test. For large values of this parameter, the acquisition and extinction 

phases are separated into separate latent causes, thereby protecting the acquired fear from 

extinction, thus making spontaneous recovery possible.  

Using a computational model, Gershman and Hartley clustered participants into two groups 

on the basis of the sensitivity parameter. As predicted, participants with small sensitivity values 

apparently unlearned the fear association, showing no evidence of spontaneous recovery. In 

contrast, participants with larger sensitivity values inferred separate acquisition and extinction 

latent causes, and accordingly showed spontaneous recovery. Thus, this study demonstrated 

how a computational phenotyping approach can explain why some individuals may continue to 

feel threatened in environments that no longer pose a threat. 

 

Personality: The Mechanisms of Fluid Intelligence 

 As noted above, intelligence is comprised of a complex set of underlying processes. A 

recent study by Schlagenhauf and colleagues (Schlagenhauf et al., 2013) validated complex 

attention and reasoning as a subprocess of general intelligence using computational modeling. 

Participants completed a reversal learning task during fMRI and this was followed by a PET scan 

used to measure dopamine synthesis capacity. It was found that reward prediction errors in the 

ventral striatum positively correlated with IQ, and this was specific to the complex attention and 

reasoning portion of the general intelligence assessment. Moreover, the ventral striatal reward 

prediction error signal was inversely correlated with dopamine synthesis. Together these findings 
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suggest that a component of the computational phenotype (reward prediction errors) are a 

promising target for understanding individual differences in fluid intelligence. 

The Computational Phenotype Across Development and Aging 

Development across the lifespan is associated with profound behavioral and psychological 

changes. For example, adolescence is characterized by hypersensitivity to social context, 

vulnerability to emotional arousal, increased impulsivity, and a propensity towards drug and 

alcohol abuse. Adolescence is also accompanied by neurodevelopmental changes in brain 

structure (Giedd et al., 1999) and function (Casey, Getz, & Galvan, 2008). The challenge is linking 

brain and behavior to specific cognitive processes that are tuned differently across developmental 

stages. Understanding the normative trajectory of these processes can help us to identify atypical 

developmental trajectories. Moreover, individual differences in these processes arise through a 

developmental process. Computational phenotypes will allow us to better understand and 

disentangle the factors that influence individual trajectories.  

 

Development: Model-based Control Across the Lifespan  

One particularly important phenotype is the expression of model-based control – the 

critical ability to evaluate the consequences of our actions. The capacity to prospectively plan 

actions according to their consequences is starkly contrasted in childhood and adulthood. 

Requiring significant cognitive resources, model-based control relies on prefrontal structures 

(Doll, Duncan, Simon, Shohamy, & Daw, 2015; Smittenaar, FitzGerald, Romei, Wright, & Dolan, 

2013) known to change dramatically across development (Gogtay et al., 2004). Indeed, there is 

a shift across development from reliance on impulses to deliberative goal-directed planning 

(Hartley & Somerville, 2015). This behavioral shift mirrors a neurodevelopmental trajectory 

whereby prefrontal structures engaged during goal-directed evaluation exhibit a gradual process 
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of integration with subcortical brain structures that can support more automatic behavior (Gogtay 

et al., 2004). The computational phenotype of model-based control is one way to link changes in 

brain function and structure to behavioral changes in goal-directed action across development. 

 Building upon this idea, Decker and colleagues (2016) administered the same two-step 

task discussed above, using a computational model to estimate the relative balance of model-

free and model-based control in a developmental sample. They found a near total absence of 

model-based control in children ages 8-12. Model-based control emerged during adolescence 

(ages 13-17) and further strengthened during adulthood (ages 18-25). Extending this work, a 

subsequent study found that age-related increases in model-based control were mediated by 

increases in fluid reasoning - the ability to integrate distant concepts to solve problems (Potter, 

Bryce, & Hartley, 2017). The developmental relevance of these findings is bolstered by evidence 

that model-based control has been linked to variation in dopamine function (Deserno et al., 2015; 

Doll, Bath, Daw, & Frank, 2016; Sharp, Foerde, Daw, & Shohamy, 2015; Wunderlich, Smittenaar, 

& Dolan, 2012) and prefrontal cortex function (Daw et al., 2011; Doll et al., 2015; Smittenaar et 

al., 2013), both of which are known to change across development (Hartley & Somerville, 2015). 

Interestingly, while Decker and colleagues found an increase in model-based control from 

childhood into adulthood, a recent study found that model-based control subsequently decreases 

in older adults. 

 Eppinger and colleagues (Eppinger et al., 2013) examined the relationship between 

model-based control, age, and working memory in a sample of younger adults (mean age: 24) 

and older adults (mean age 69). Older adults showed less model-based control than younger 

adults and this effect was further pronounced by shifting the reward probabilities. They 

demonstrated that older adults have specific difficulties changing their “cognitive map” of the 

environment in response to unexpected rewards, whereas younger adults changed their decision 

strategy and explored the new environment. Like Otto et al. (2013), they found that greater 

working memory was associated with greater model-based control, but only in younger adults. 
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Moreover, following unexpected rewards younger adults engaged in more strategic exploration of 

the task structure and older adults tended to perseverate on the previously exploited option. The 

authors suggest this may be due to a deficit updating expected reward values in older adults. By 

using a computational phenotype and relating it to other age-dependent processes, the authors 

demonstrate how phenotypes can be used to examine age-related changes in goal-directed and 

habitual behavior.    

 Together, these studies demonstrate how a computational phenotype can be used to trace 

an arc of cognitive changes across development and through senescence. 

 

Development: Counterfactual Deficits in Adolescence 

 A core feature of adolescence is difficulty simulating the hypothetical outcomes of 

decisions. In cognitive science, the consideration of these alternative outcomes is referred to as 

counterfactual thinking. A recent demonstration of counterfactual deficits in adolescence was 

accomplished via Bayesian model selection. Palminteri and colleagues administered an 

instrumental learning task (Palminteri, Kilford, Coricelli, & Blakemore, 2016) and applied three 

separate computational models. While adolescents were best characterized by a simple 

reinforcement learning model based upon the Rescorla-Wagner learning rule detailed above, 

adults were best fit by two more sophisticated models. The first was a counterfactual learning 

model in which adults incorporated task feedback about unchosen options, and the second was 

a value contextualization model that allowed adults to learn equally from positive and negative 

rewards. In contrast to symmetrical reward and punishment learning in adults, adolescents were 

less likely to learn from punishment. Therefore, this study identifies three separate computational 

phenotypes that account for developmental changes in learning and specific process components 

(e.g., counterfactual learning and punishment sensitivity) that underlie these differences.  

 

Debugging the Brain 
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Computational modeling provides the advantages in overcoming problems of heterogeneity, 

comorbidity, and non-specificity in psychiatric nosology (Petzschner et al., 2017; Stephan et al., 

2015; Wiecki et al., 2015), providing mechanistic links (i.e. computational phenotypes) between 

translational neuroscience and applied practice (Friston et al., 2014; Huys et al., 2016; Maia & 

Frank, 2017; Paulus et al., 2016), and even producing single patient clinical predictions (Stephan 

et al., 2017). To expand, pathological behavior can be linked to brain disruptions through 

computational models of distortions in the latent cognitive or biological process. Moreover, 

specific parameters represent individual components of the process, providing targets for 

intervention.  Computational models also hold promise for linking various types of measurement 

(e.g. behavior, self-report, brain function) at several levels of analysis. In this section we turn back 

to model-based control, and examine how this phenotype shows specific relationships with 

different aspects of psychopathology. We then review work that combines phenotyping with 

machine learning to aid in the study of schizophrenia, and follow that with an illustration of using 

Bayesian model comparison to identify two separate neurobiological mechanisms for the 

phenomenon of synesthesia. 

 

Psychopathology: Model-based Control  

A core feature of psychiatric illness is over-reliance on habits at the cost of goal-directed action 

(Everitt & Robbins, 2005). For example, individuals will often continue a pattern of compulsive 

drug use despite a stated desire to abstain. The goal of abstinence requires actions that are 

commensurate with accurate prospective simulations of the severe consequences of relapse. 

Due to this phenomenological similarity with the prospective simulation aspect of model-based 

control (Doll et al., 2015), several studies have investigated the balance between model-free and 

model-based control in psychiatric illness. Model-based impairment has been found in 

schizophrenia (Culbreth, Westbrook, Daw, Botvinick, & Barch, 2016), OCD, methamphetamine 

dependence, and binge eating disorder (Voon et al., 2015).  
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However, the association between model-based control and problematic alcohol use has 

been somewhat equivocal and concurrently illuminating. Across the subsequent studies the 

computational phenotype (balance between model-based and model-free behavior) remains 

formally consistent, yet the phenotype relates to categorical and trait characteristics of 

problematic alcohol use differentially. This suggests traditional category-based descriptions of 

heterogeneous phenomena such as addiction may be further specified with computational 

phenotypes.  

In computational investigations of alcohol use problems some studies have found reduced 

model-based control in detoxified patients (Sebold et al., 2014) whereas others have not (Sebold 

et al., 2017; Voon et al., 2015). Despite no reductions of model-based control, Sebold and 

colleagues (2017) found that reduced medial-prefrontal signatures during model-based decision 

making predicted relapse in detoxified alcohol-dependent patients. In addition, positive views 

about the reinforcing effects of alcohol were associated with reduced model-based control in 

patients who subsequently relapsed (Sebold et al., 2017). Yet, other research has found that 

model-based control is not associated with a range of problematic alcohol use, including binge 

drinking, onset age for alcohol use, and alcohol consumption (Nebe et al., 2018). Together these 

studies suggest that model-based impairments may have a more nuanced relationship with 

alcohol use that traditional methods are not well designed to capture. 

Indeed, contemporary views of addiction (Everitt & Robbins, 2005; Kurth-Nelson & Redish, 

2012) suggest that individuals will engage in complex reasoning and goal-directed activity to 

satisfy a craving. This shifts the view of addiction as simply habitual behavior to a process-based 

account of drug taking and seeking. Meanwhile, the traditional notion of “addiction as habit” relies 

on a phenomenological observation that compulsive drug seeking is habitual. This leaves out 

mechanistic accounts of what drives addictive behavior. Fortunately, a large volume of preclinical 

and human studies suggest that addiction is comprised of multifactorial disruptions (e.g., 

cognitive, pharmacological, neural) in the learning process (see this book chapter for theoretical 
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integration of this research; Q. Huys, Beck, Dayan, & Heinz, 2014). Challenges in specifying the 

mechanisms underlying pathological phenomena can also be partially remedied via dimensional 

approaches to psychiatric illness. 

A large online study by Gillan and colleagues (Gillan et al., 2016) used a transdiagnostic 

approach to studying model-based control in psychopathology. They applied factor analysis to 

symptom dimensions comprising mood problems, habitual behaviors, and social functioning. 

They found that model-based control was reduced in a factor termed ‘compulsive behavior and 

intrusive thought’ but was unaffected by anxious depression and slightly improved by social 

withdrawal. Thus, model-based impairments may be specific to symptoms and traits that cluster 

together. 

While relatively few studies have examined model-based control in psychopathology, 

computational phenotypes provide a common mathematical foundation for understanding goal-

directed deficits. The aforementioned categorical studies ostensibly examined the same process, 

however they may suffer from nosological problems associated with diagnostic classification and 

description (Cuthbert & Insel, 2013; Insel et al., 2010). Gillan and colleagues illustrate how we 

can more accurately conceptualize psychopathological phenomena by shared deficits in a certain 

process represented by a computational phenotype. Clinicians and researchers alike have 

observed the transdiagnostic nature of psychopathology, but we have been restricted by lack of 

formalization of the process and dysfunction within the process. In this regard, computational 

phenotypes may help shift diagnosis towards a process-oriented understanding of mental illness 

whereby deficits in the cognitive process are linked to brain disruptions and behavioral 

impairments. 

Psychopathology: Generative Embedding in Schizophrenia  

 We have largely focused on mechanistic models that describe how the behavioral or 

neural data were generated (so-called generative models). These generative models can also be 

combined with machine learning techniques (e.g., Brodersen et al., 2011). We illustrate this idea 
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with a study that uses machine learning to define psychiatric subgroups in schizophrenia 

(Brodersen et al., 2014). In contrast to generative models, machine learning approaches are 

agnostic to mechanism and use the data only to classify subjects as patient or non-patient. 

However, there is a fundamental problem with this approach. It requires the use of DSM or ICD 

diagnostic labels. Specifically, the researcher labels training data as patient or control and this is 

the input for the machine learning algorithm. Using these labels, the machine learning algorithm 

trains itself to classify the data into patient or control. This approach reifies pre-existing theories 

about categorical diagnoses. Alternatively, Brodersen and colleagues embed a generative model 

(rather than labels) of the process giving rise to neural data as the input into a machine learning 

classifier. 

Brodersen and colleagues administered an n-back working memory task to a group of 

patients with a diagnosis of schizophrenia and healthy controls while they were being scanned 

with functional MRI. They created a generative causal model of the underlying neuronal dynamics 

(dynamic causal model; DCM) that gave rise to the fMRI data. The DCM described the network 

dynamics between the visual cortex, parietal cortex, and dorsolateral prefrontal cortex. Subject-

level parameters were derived describing the specific neuronal dynamics for each person and 

these were subsequently entered into a machine learning algorithm that classified subjects into 

the schizophrenia or control group. Without any clinical information, the classifier was able to sort 

the subjects with 78% accuracy. Moreover, within the patient group, the classifier identified three 

different groups of neural network dynamics. Again, without access to any diagnostic information, 

the three classifier groups corresponded to three clinical subgroups as shown by significant 

differences in negative symptoms. This study is a powerful demonstration of linking a 

neurocognitive model of working memory to ecologically valid clinical diagnoses via completely 

data-driven approaches.  

Psychopathology: Grapheme-Color Synthesia 
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 Grapheme-color synthesthesia is a perceptual disturbance whereby letters and/or 

numerals are associated with an experience of color. For example, a person may see a black “4” 

and perceive the color yellow. Interestingly, there are two broad phenomena that characterize the 

experience of grapheme-color synthesthetes. Projector synthesthetes perceive the color 

externally such that the number (e.g., 4) appears in the color yellow. Alternatively, associator 

synthesthetes experience a strong internal association of the color. In a recent study, van 

Leeuwen and colleagues (van Leeuwen, den Ouden, & Hagoort, 2011) demonstrate the 

advantage of using computational phenotypes to identify separable neuronal mechanisms that 

account for these two types of grapheme-color synthesthesia.  

 van Leeuwen and colleagues administered a synesthesia-inducing paradigm to a group 

of known synesthetes during fMRI. They used a dynamic causal model to test two competing 

hypotheses about visual processing abnormalities that could account for projectors vs 

associators. They found that neural activity in projectors more closely matched (via Bayesian 

model comparison) a bottom-up processing stream within the fusiform gyrus whereas associators’ 

neural activity matched a top-down processing stream in the parietal lobe. Therefore, Bayesian 

model comparison was able to validate that projectors and associators have dissociable 

computational phenotypes. 

Challenges Ahead 

Computational modeling is a field that holds promise for grounding individual differences in 

underlying cognitive and neural mechanisms. However, there are several challenges facing the 

practical use of computational phenotypes.  

One challenge concerns specifying the mechanisms underlying the computational phenotype. 

For example, model-based control is based upon a number of interrelated cognitive mechanisms 

including working memory (see Voon, Reiter, Sebold, & Groman, 2017, for a recent review). 
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Therefore, impairments in working memory will correlate with impairments in model-based control 

(Culbreth et al., 2016) and it will be difficult to tease competing mechanisms apart. One possible 

solution is administering multiple tasks within the same subject and developing models that 

capture the overlapping sets of mechanisms across these tasks. These models would derive (for 

example) parameters that concurrently consider working memory demands and sequential 

decision making to dissociate the relative contributions of various underlying mechanisms. 

A second, related challenge is construct validity. While personality psychology has exerted 

considerable effort in establishing the validity and robustness of its constructs, computational 

phenotyping has not yet undertaken such a systematic effort. This is particularly important for 

several reasons. First, it is well known that parameters in computational models are not always 

identifiable (Gershman, 2016). This means that parameter values can trade off against one 

another to produce similar predictions, thereby making it much more difficult to draw conclusions 

about the mechanism underlying patterns of behavior. This can be partially remedied by 

parameterizing models in such a way that they do not suffer from identifiability issues, or using 

data-driven constraints on parameter estimates (Gershman, 2016).  

Reliable parameter estimates also require tasks with many trials. This is particularly 

problematic for patients studies where heterogeneity in the underlying mechanisms and deficits 

can produce high variance data. One possible solution is to use hierarchical Bayesian modeling 

to increase sensitivity to individual differences (Nilsson et al., 2011; Wiecki, Sofer, & Frank, 2013; 

Wiecki et al., 2015). 

Adding to this complexity, it is also unclear how, why, or if, the processes represented by the 

parameters change over time. This is also important for developmental research, as cross-

sectional age differences in a given parameter are assumed to mean that the parameter values 

within-individual exhibit similar age-related changes over developmental time. However, we do 

not typically know the test-retest reliability of computational phenotypes because models are 

rarely fit to multiple datasets from the same subject. This means we have no handle on the 
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contribution of state dynamics to trait measures. This issue can be easily remedied simply by 

collecting more data; even better, we can measure (or experimentally control) the dynamics of 

other variables, and thus begin to model state-dependent aspects of computational phenotypes 

(see Kool, Gershman, & Cushman, 2017, for an example). Test-retest reliability will be especially 

important for establishing the utility of phenotypes in predicting clinical outcomes and treatment 

development (Stephan et al., 2017) as we move from translational neuroscience to clinical 

application (Gold et al., 2012; Paulus et al., 2016). 

 Another challenge concerns the integration of behavioral and neural data. Computational 

models are typically fit to behavioral data and then the fitted parameters and latent variables are 

used in the analysis of neural data. However, recent work has shown how simultaneously 

modeling neural data (e.g., EEG or fMRI, Cassey, Gaut, Steyvers, & Brown, 2016; Turner et al., 

2013; Turner, Rodriguez, Norcia, McClure, & Steyvers, 2016; Turner, Van Maanen, & Forstmann, 

2015; Turner, Wang, & Merkle, 2017), or self-report measures (Vandekerckhove, 2014) with 

behavioral data can lead to greater predictive accuracy and integration of latent cognitive abilities 

with personality constructs. Other approaches, such as behavioral dynamic causal modeling 

(bDCM) translate experimental stimuli into neural connections, which in turn, gives rise to 

behavioral outcomes (Rigoux & Daunizeau, 2015). Effectively, the computational phenotypes 

represented by bDCMs are neural networks that operate as neurocomputational mechanisms 

between environmental inputs and behavioral outputs. Neural models of specific brain regions 

(e.g., the basal ganglia, Frank, 2005) can also link cellular and systems neuroscience to inform 

decisions about experimental acquisition of behavioral and brain data. This approach provides 

biologically plausible mechanisms that account for the neural computations that give rise to 

behavior (Forstmann & Wagenmakers, 2015). However, application of these models by non-

experts poses significant challenges because of the mathematical and programmatic skills 

required. 
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Accessible software development is critical for adoption of models by non-computational 

psychologists and neuroscientists. To date, there are relatively limited software tools available 

(though, see Wiecki et al., 2013), and those that exist can be difficult for non-experts to use. This 

problem will be gradually remedied as funding bodies and journals place more stringent 

requirements on software accessibility. In fact, efforts such as the annual computational 

psychiatry course already provide open source software for reinforcement learning models, 

hierarchical Gaussian filters, and drift diffusion models. 

Computational models also require mathematical skills that are not easily applied, or 

understood. Indeed, the application of these models to questions in personality, development, 

and psychiatry has typically required the integration of skills from multiple researchers with 

different backgrounds (e.g., personality psychologists and computational neuroscientists). 

Conferences (e.g., the annual Computational Psychiatry course in London), graduate courses, 

and potentially graduate degree tracks, could aid in filling these technical and conceptual gaps. 

In addition, simple steps such as attempts to bridge the language of complementary fields will 

also be important. For example, the article by Brodersen and colleagues (Brodersen et al., 2014) 

explicitly describes generative embedding methods in a tutorial aimed at researchers with a 

clinical background.  

Finally, we need more systematic evaluations of the assumptions linking computational 

phenotypes to behavioral and neural data. Often, researchers run a correlation or regression, 

looking for simple associations without grappling with the possibility that computational 

phenotypes could be related to observed data in more complex ways. Clinical psychometricians 

have extensively studied a range of probabilistic models for understanding how different 

symptoms and traits are related, ranging from factor analysis to undirected networks (Borsboom 

et al., 2016; Borsboom, Mellenbergh, & van Heerden, 2004). These same kinds of techniques 

could be applied to analyzing computational phenotypes. However, the importance of these 

phenotypes depends upon their predictive validity. This is where longitudinal translational 
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research efforts (Paulus et al., 2016), such as those currently underway in the study of 

schizophrenia (Gold, 2012; Gold et al., 2012), can validate the ecological and clinical utility of 

computational models.  

Despite these challenges, we are optimistic that computational phenotypes have already 

begun to bear fruit for personality neuroscience and related fields. We envision a future in which 

they will be applied to precision medicine approaches (Cuthbert & Insel, 2013; Fernandes et al., 

2017; Friston, Redish, & Gordon, 2017), where particular latent processes can be targeted for 

intervention, and optimized for individual people. Similar interventions could be conceived for the 

purposes of individualized education and the design of incentive mechanisms for improving 

financial decision making. 
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Abstract 

Background: Human decision making exhibits a mixture of model-based and model-free control. 

Recent evidence indicates arbitration between these two modes of control (“metacontrol”) is 

based on their relative costs and benefits. While model-based control may increase accuracy, it 

requires greater computational resources, so people only invoke model-based control when 

potential rewards exceed those of model-free control. We used a sequential decision task, while 

concurrently manipulating performance incentives, to ask if symptoms and traits of 

psychopathology decrease or increase model-based control in response to incentives. 

Methods: We recruited a non-patient population of 839 online participants using Amazon 

Mechanical Turk, who completed transdiagnostic self-report measures encompassing symptoms, 

traits, and factors. We fit a dual controller reinforcement learning model and obtained a 

computational measure of model-based control separately for small incentives and large 

incentives. 

Results: None of the constructs were related to a failure of large incentives to boost model-based 

control. In fact, for the sensation seeking trait and anxious depression factor, higher scores were 

associated with a larger incentive effect, whereby greater levels of these constructs were 

associated with larger increases in model-based control. Many constructs showed decreases in 

model-based control as a function of severity, but a social withdrawal factor was positively 

correlated; alcohol use and social anxiety were unrelated to model-based control.  

Conclusions: Our results demonstrate that model-based control can reliably be improved 

independent of construct severity for most measures. This suggests incentives may be a useful 

intervention for boosting model-based control across a range of symptom and trait severity. 
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Introduction 

Decisions are sometimes the product of habit, and sometimes the product of planning. 

The two forms of decision making embody complementary strengths and weaknesses: habits are 

inflexible (and hence sometimes inaccurate) but require minimal cognitive effort, whereas plans 

support flexible goal pursuit but require greater cognitive effort. This dichotomy has significant 

clinical implications, because some psychopathological behaviors can be understood as arising 

from the hegemony of habits over plans. For example, drug addiction and obsessive-compulsive 

disorder are associated with an inability to overcome maladaptive habits (1). 

Computational models have led to a formal description of the habit-planning dichotomy by 

specifying precise algorithmic hypotheses (2–4), with wide-ranging ramifications for the 

neurobiology of decision making and its breakdown in psychopathology. In particular,  

reinforcement learning (RL) models have operationalized habits in terms of “model-free” control 

and planning in terms of “model-based” control. Model-free control selects actions based on the 

degree to which they have been rewarded, using cached reward predictions that are updated by 

trial and error. Because these cached predictions can only be updated by interaction with the 

environment (though see (5)), they will be insensitive to changes in the environment that have not 

been directly experienced, leading to the brittleness characteristic of habits. Model-based control 

selects actions based on an internal model of the environment, which specifies how actions affect 

the state of the environment. By using mental simulation of the internal model, model-based 

control can generate sequential plans that adapt flexibly to changes in the environment, even 

without direct experience. However, mental simulation is cognitively costly, and thus people will 

prefer model-free control when cognitive resources are scarce (6), accuracy is poorly incentivized 

(7), or mental simulation produces unreliable reward predictions (2, 8).  

In the current study, we examine the balance of model-free and model-based control using 

an RL paradigm that allows us to quantify the degree to which model-based control can be 

incentivized. This allows us to ask a critical question for the treatment of certain psychiatric 
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symptoms and traits: can incentives ameliorate model-based deficits associated with certain 

clinical symptoms and traits? We approach this question by collecting a broad range of commonly 

used self-report measures and well-defined transdiagnostic traits in a diverse online population, 

measuring the relationship between these measures and a computationally-derived estimate of 

model-based control under different incentive conditions. 

 

Model-based Control and Psychopathology 

Empirical studies indicate that model-based control is disrupted across an array of 

disorders and psychopathological constructs. In particular, model-based impairments have been 

revealed in schizophrenia (9), binge eating disorder (10), OCD (10), and methamphetamine 

dependence (10). However, studies of alcohol dependence have been equivocal, with research 

finding behavioral deficits (11) and reduced prefrontal signatures of model-based control (12) in 

detoxified alcohol dependent patients, but no association between model-based control and 

problematic drinking in adolescents (13).  

While these studies focused on DSM diagnoses, a recent study by Gillan and colleagues 

(14) examined model-based control among several transdiagnostic traits. They found that a factor 

containing compulsive behavior and intrusive thought items was negatively associated with 

model-based control, whereas an anxious depression factor showed no relationship, and a social 

withdrawal factor had a small positive association with model-based control (14). Comparing 

diagnostic groups has several problems, including high levels of comorbidity and shared 

symptoms among people in different diagnostic groups (15–17). On the other hand using 

continuous outcomes allows researchers to understand how cognitive processes, such as model-

based control, co-vary with increasing symptom and trait severity, across several clinically-related 

constructs.  

Gillan and colleagues measured model-based control using a sequential decision task 

developed by Daw et al. (2011), which we will refer to as the “Daw two-step task.” This task has 
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been the standard assessment tool for measuring model-based control in clinical studies. 

However, recent research has shown that the Daw two-step task does not incentivize model-

based control, because model-free and model-based control lead to roughly equivalent 

performance on the task (18). Moreover, increasing incentives in the Daw two-step task does not 

increase model-based control (7). For this reason, the task is not useful for addressing the 

question of whether psychiatric symptoms and traits are associated with an inability to boost 

model-based control in response to incentives. Fortunately, Kool and colleagues (18) have 

developed a novel sequential decision task in which model-based control does lead to improved 

performance, and incentives are effective at amplifying model-based control on the task (7). In 

particular, informing participants that their earnings would be multiplied by 5 on particular trials 

(the “high stakes” condition) was effective at increasing their reliance on model-based control 

relative to a baseline (“low stakes”) condition. Our goal in this paper is to revisit the approach of 

Gillan and colleagues using the Kool two-step task, which allows us to measure the effect of 

incentives on model-based control across a range of severity on several psychiatric constructs.  

 

Principles of Metacontrol 

On the basis of behavioral data from the Kool two-step task, we have argued that 

arbitration between model-based and model-free control is implemented by a cost-benefit 

analysis (see also (19)). According to this view, a metacontroller approximates the relative costs 

and benefits of using each controller and chooses one based on the optimal cost-benefit ratio 

(Figure 1A). In the Daw two-step task, model-based control confers no benefit, and hence the 

metacontroller will prefer the cognitively cheaper model-free controller. In the Kool two-step task, 

by contrast, model-based control does confer a benefit, so it will tend to be preferred by the 

metacontroller. This explains why people are overall more model-based on the Kool task than on 

the Daw task, and why incentives increase reliance on model-based control only on the Kool task. 
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We note that this is not the only way to understand the tension between habits and 

planning; for example, theories based on the free energy principle frame this tension in terms of 

model comparison (20). However, since the model-based/model-free distinction is currently the 

most prominent and well-characterized framework, we will focus on it in this paper.  

 

Figure 1: A. Schematic showing how a metacontroller compares the computational cost against 

the reward benefit for model-based and model-free controllers. This produces a weighting 

parameter (w) for each individual that measures the probability of selecting model-based control 

(MBcontrol). B. Schematic showing how model-based control hypothetically changes with the 

degree of the psychiatric construct and incentives (high vs. low stakes). 

 
We will use this framework to interpret the results of our study, by investigating three 

patterns (schematized in Figure 1B): (1) the effect of psychiatric constructs on model-based 

control; (2) the effect of incentives on model-based control; and (3) the interaction between these 

two effects. We expect, based on the work of Gillan et al. (2016), that many psychiatric constructs 

will be associated with lower model-based control. Furthermore, we expect, based on the work of 

Kool et al. (2017), that incentives will increase model-based control overall. The critical question 

is whether incentives manifest as a fixed boost in model-based control regardless of symptom or 

trait severity, or whether severity modulates the boost. The answer to this question will have 
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implications for the effectiveness of incentive-based interventions. If high symptom or trait severity 

is associated with low sensitivity to incentives, then it is unlikely that such interventions will be 

effective for clinically relevant psychiatric symptoms and traits. If, on the other hand, the incentive 

effect observed by Kool and colleagues is independent of symptom or trait severity, then such 

interventions may hold promise. 

 

Methods and Materials 

Participants 

We recruited 941 participants using Amazon Mechanical Turk. Participants gave informed 

consent and the study was approved by the Harvard Committee on the Use of Human Subjects.  

Participants had to reside in the United States, have a 90% approval rating and 100 completed 

HITs. Participants completed a computer adaptive IQ test, the novel two step paradigm, 19 clinical 

scales, a clinical demographic questionnaire (Table 1), and an additional cognitive task. 

Compensation was $20 with a performance bonus ($0.48 - $1.11). Following the exclusion criteria 

(Supplement), the final sample included 839 participants that were 48.75% female and 51.25% 

male, ranged from 18-73 years old (M = 34.95, SD = 10.1) with IQ (M = 99.1, SD = 9.71).  

 

Table 1. Self-reported Clinical Characteristics n=839 
Endorsed Specific Diagnosis 36.83%     (309) 

2 Diagnoses 13.59%     (114) 
>= 3 Diagnoses 6.80%       (57) 

Past Treatment: Any Treatment 30.99%     (260) 
Partial, Inpatient, Residential 8.46%       (72) 

Current Treatment: Any Treatment 19.79%     (166) 
Partial, Inpatient, Residential 4.29%       (36) 

Psychiatric Medication 9.77%       (81) 
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Self-Report Measures 

Participants completed several self-report measures (descriptions in Supplementary 

Table S1, M (SD) in S2) including the Apathy Evaluation Scale (21), trait portion of the State-Trait 

Anxiety Inventory (22), Alcohol Use Disorders Identification Test (23), Zung Depression Scale 

(24), Short Schizotypy Scale (25), Obsessive-Compulsive Inventory-Revised (26), Social Anxiety 

Scale (27), Eating Attitudes Test (28), Intolerance of Uncertainty Scale (29), Anxiety Sensitivity 

Index-3 (30), Ruminative Response Scale (31), Difficulties with Emotion Regulation Scale (32), 

Distress Tolerance Scale (33), Barratt Impulsiveness Scale-11 (34), and the UPPS-P Impulsivity 

Scale (35–37) (the UPPS-P is comprised of positive & negative urgency, sensation seeking, lack 

of premeditation, and lack of perseverance). We summarized nine of these self-report measures 

(Supplementary Table S1) with three latent constructs (anxious depression, compulsive behavior 

and intrusive thought, and social withdrawal) that were generated using the factor loadings from 

Gillan and colleagues 2016 (14).  

Sequential Decision Task 

Participants performed 200 trials of the two-step task developed by Kool and colleagues 

(7), which allowed us to measure adaptive increases in model-based control by comparing the 

degree of model-based control across high and low stakes (Figure 2A/B). In this task, the 

participant randomly starts in one of two first-stage states, choosing one of two rocket ships (which 

are randomly mapped to response keys). Conditional on this choice, the participant 

deterministically transitions to the purple or red alien planet. On this alien planet, the participant 

then receives a reward indicated by alien treasure. The amount of reward obtained at each planet 

changes randomly and gradually over the task, independently for each planet (a Gaussian 

random walk between 0 and +9, additional details in Supplement). 

If the participant fails to make a response, no reward is delivered and the task proceeds 

to the next trial. Each trial was randomly assigned to one of two conditions. In the “high stakes” 
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condition, the participant received 5 times the alien treasure reward (5x multiplier; Figure 2A). In 

the “low stakes” condition, the participant received the displayed alien treasure reward. 

 

 

Figure 2: A. On each trial, participants were first informed about the stakes, and then made a 

choice between two rockets. They then deterministically transitioned to a red or purple planet and 

received a reward. B. State transition structure of the task. Rewards changed gradually over trials 

according to a Gaussian random walk. C. Model-based control, measured by fitting a 

computational model to choice behavior, was significantly higher on high stakes trials compared 

to low stakes trials. D. Greater model-based control was associated with higher average reward 

rate across stakes. Shading denotes credible intervals around βmean. 
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Analyses 

Computational Model 

We estimated model-based control for high stakes (large incentives) and low stakes (small 

incentives) with a dual-system reinforcement learning model (38, 39). In this framework, model-

free control learns the value of actions through direct experience and is insensitive to sudden 

environmental changes. Alternatively, model-based control uses a model of the environment to 

instantaneously update which first stage choice leads to each alien planet. The balance between 

model-free and model-based control is governed by a free parameter (w) in the computational 

model. We fit the parameter “w” for low stakes (small incentives) and high stakes (large incentives) 

separately (additional model fitting details in Supplement). 

Predictors of Model-based Control (Bayesian Regression).  

Bayesian linear regression (40, 41) was used to quantify the relationship between 

metacontrol, average reward rate, and self-report measures, while controlling for age, IQ, and 

gender. A classic general linear model results in a single beta value point estimate and confidence 

intervals around that beta value that represent the percentage of the time the interval would 

contain the population beta value if the study was conducted many times. In contrast, rather than 

providing a single point estimate, a Bayesian regression provides a posterior distribution of beta 

values given the data, quantifying the uncertainty about the betas. We summarized the posterior 

using a 95% highest posterior density (HPD) credible interval around the mode. We also report 

the posterior probabilities that the beta value is greater or less zero. 

We used the brms package (42) with the default prior σ ~ student-t(3,0,10) and separately 

regressed each self-report measure and average reward rate onto model-based control (w) while 

controlling for age, IQ, and gender. We included a regressor expressing the interaction between 

the self-report measure and high or low stakes. Thus, we examined changes in model-based 
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control across stakes as a function of each construct separately. This is consistent with Gillan and 

colleagues (14) and also retains the construct validity of these measures, as the constructs have 

been widely examined independently in prior research. We also ran a separate analysis entering 

all scales into a single regression, though it is possible the correlations across measures 

diminishes the construct validity of any individual measure. This is because it is unknown which 

portion of a single measures’ variance accounts for the effects while controlling for other 

measures. In addition, we ran separate regressions adding the inverse temperature parameter 

as a confound. 

Factor Scores 

The three transdiagnostic factors were generated using the published factor loadings from 

Gillan and colleagues (14). The authors factor analyzed nine self-report scales reducing the data 

to three dimensions subsequently termed anxious depression, compulsive behavior and intrusive 

thought, and social withdrawal. Using the scales overlapping with the Gillan 2016 study (14) (see 

Supplement Table S1), we set their published factor loadings as independent variables in a 

regression and set the item level scores for our participants as the dependent variable, thereby 

generating factor scores for our participants. Using Bayesian regression, we entered factor scores 

for all three factors concurrently as independent variables and the interaction with stakes while 

controlling for age, IQ, and gender, with model-based control (w) as the dependent variable. Thus, 

we examined changes in model-based control (w) as a function of the interaction between stakes 

and the psychiatric factors. In a separate analysis, we also added inverse temperature as a 

covariate to mirror the self-report regressions. 
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Results 

Stakes, Reward Rate, and Model-based Control.  

 Consistent with the findings of Kool and colleagues 2017 (7), a paired-sample t-test 

indicated participants engaged in significantly more model-based control (w) in the high stakes 

compared to the low stakes condition (Figure 2C), t(838) = 10.21, p < .001; Cohen’s d = 0.35. 

Using Bayesian regression, the HPD for high and low stakes indicated that greater average 

reward rate predicted greater model-based control with high certainty (narrow credible intervals); 

low stakes condition (Figure 2D), (βmean = 0.472, CI = [0.417, 0.530]), high stakes condition (βmean 

= 0.348, CI = [0.296, 0.407]). These replicate the key findings from Kool and colleagues (7, 18).  

Self-report Measures and Model-based Control.  

Figure 3A displays the mean beta and credible interval for the association between self-

report measures and model-based control. For the majority of constructs measured, Bayesian 

regressions revealed high certainty of the presence of relationships with model-based control (w; 

Table 2). For example, the posterior placed nearly all its mass on the beta value for distress 

intolerance (Figure 3B) being less than zero. This means we can have high certainty that the 

relationship between distress intolerance and model-based control (w) is negative. 

Of note, sensation seeking (Figure 3C) was the only measure showing an interaction with 

stakes, such that there was a large negative relationship between sensation seeking and model-

based control (100% of distribution is highly negative) that was present during low stakes was not 

present during high stakes, with the posterior distribution roughly centered around 0 (38% 

negative, 62% positive). Corresponding to this difference, 99% of the posterior distribution was 

positive for the high-low stakes interaction. Scatter plots showing original data points are in 

Supplementary Figure S1. 

Additionally, the results of entering all measures into a single regression are in 
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supplemental figure S4, but should be interpreted with caution because the correlations between 

measures (i.e., correlation heatmap; S3) diminishes their construct validity. Including inverse 

temperature largely reiterated the same pattern of results, though slightly weaker (Supplemental 

Figure S5). Nevertheless, inverse temperature and model-based control are highly correlated 

(r(1676) = -0.4478, p < .001) and suffer from non-identifiability in the computational model. 

Therefore, including both builds unnecessary redundancy into the regression model. 
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Figure 3: A. Coefficient plot with credible intervals containing 95% of the posterior 

probability density around the mean, organized according to descending effect size. The 

coefficient value represents the estimated slope of the line relating symptom severity to model-

based control (MBcontrol). Coefficients were estimated separately for high and low stakes; the 

“High-Low” intervals show the relative effect. Distance from 0 indicates a stronger relationship 

(e.g. stronger reductions in MBcontrol) and the credible interval indicates probable values of the 

self-report measure parameter estimate. Greater credible interval width indicates greater 

uncertainty about the parameter estimate. B. Distress intolerance is associated with reduced 

model-based control, but high stakes boost model-based control by roughly the same amount 

regardless of the distress intolerance score. C. Sensation seeking is associated with reduced 

model-based control in low stakes but not in high stakes. 
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Table 2. Posterior probabilities of reductions in MBcontrol 

Stakes: High  Low  High-Low  
Construct Neg Neg Neg 
Obsessive-Compulsive 100% 100% 73% 
Distress Intolerance 100% 100% 26% 
Positive Urgency 100% 100% 24% 
Negative Urgency 99% 100% 27% 
Anxiety Sensitivity 97% 99% 32% 
Depression 96% 100% 17% 
Uncertainty Intolerance 100% 95% 79% 
Emotion Dysregulation 99% 95% 65% 
Apathy 95% 98% 40% 
Disordered Eating 95% 98% 38% 
Perseverance (lack of) 91% 98% 29% 
Barratt Impulsiveness 90% 99% 27% 
Schizotypy 92% 93% 46% 
Premeditation (lack of) 97% 80% 79% 
Trait Anxiety 75% 99% 14% 
Rumination 94% 78% 72% 
Alcohol Use 65% 82% 36% 
Sensation Seeking 38% 100% 1% 
Social Anxiety 59% 37% 66% 

 
 
Table 2. This table shows the probability that each self-report measure predicts decreases in 

MBcontrol. Bold values denote that at least 95% of the posterior probability density over β (the 

coefficient relating symptom severity to model-based control) is below 0, indicating a high degree 

of certainty that symptom or trait severity is associated with reduced model-based control.  

Factors and Model-based Control.  

Table 2 and Figure 4A show the mean beta values and credible intervals for the three 

transdiagnostic factors (i.e. compulsive behavior and intrusive thought, anxious depression, social 

withdrawal) in predicting model-based control across stakes. The anxious depression factor 

(Figure 4B) showed a similar pattern of results to sensation seeking, with 99% of the posterior 

probability for low stakes below 0, indicating a strong anti-correlation between anxious depression  

and model-based control; this effect was eliminated for high stakes, with the posterior probability 
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closely centered around 0 (42% negative, 58% positive). For the high-low stakes interaction, 96% 

of the posterior was positive. The compulsive behavior and intrusive thought factor (Figure 4C) 

posterior distribution was nearly 100% negative across stakes. Moreover, the mean beta and 

credible interval demonstrated the largest effect in predicting reductions in model-based control 

relative to the other two factors. Using the 95% cutoff, the social withdrawal factor (Figure 4D) 

predicted increases in model-based control for low stakes but this effect was slightly weakened 

for high stakes (93%). In a Bayesian framework, the high posterior probability for beta values 

below zero (e.g., compulsive behavior and intrusive thought factor) and large probabilities for beta 

values above zero (i.e., stakes interaction in anxious depression) provides relatively high certainty 

about the presence of three different relationships between the factors and model-based control. 

Scatter plots with original data points in Supplement S2. After adding inverse temperature to the 

model, the results remained consistent, though they were slightly weaker (Supplemental Figure 

 S6).  
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Figure 4: A. Coefficient plot with credible intervals containing 95% of the posterior probability 

density around the mean for psychiatric factors in a single regression. Distance from 0 

indicates a stronger relationship (e.g. stronger reductions in MBcontrol) and the credible interval 

indicates probable values of the self-report measure parameter estimate. Greater credible 

interval width indicates greater uncertainty about the parameter estimate. B. The anxious 

depression factor is associated with reduced model-based control for low stakes but not for 

high stakes. C. The compulsive behavior and intrusive thought factor is associated with 

reduced model-based control, but high stakes boost model-based control regardless of the 

score. D. The social withdrawal factor is associated with increased model-based control, 

further boosted by high stakes. Lines in panels B-D show regression lines with credible 

intervals. 
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Table 3. Posterior probabilities of reductions in MBcontrol 

Stakes: High  Low  High-Low  
Factor Neg Neg Neg 
Anxious Depression 42% 99% 4% 
Compulsive-Intrusive 100% 100% 60% 
Social Withdrawal 7% 0% 88% 

 

Table 3: This shows the probability that each transdiagnostic factor predicts decreases in MBcontrol. 

Bold values denote that at least 95% of the posterior probability density over β (the coefficient 

relating transdiagnostic factor score to model-based control) is below 0, indicating a high degree 

of certainty that the factor severity is associated with reduced model-based control. Psychiatric 

factors were generated using factor loadings from Gillan et al. (2016).  

Discussion 

The primary goal of the current study was to ask the question, do people higher in 

symptom or trait severity boost model-based control in response to incentives? We found that 1) 

incentives boost model-based control across a range of severity on several psychiatric constructs, 

2) sensation seeking and the anxious-depression factor showed a larger incentive effect, whereby 

higher severity was associated with greater boosts in model-based control. Finally, 3) most 

constructs were associated with model-based deficits but there were some exceptions, including 

social anxiety and alcohol use, which showed no relationship with model-based control, and the 

social withdrawal factor, which was related to increased model-based control.  

In contrast to prior research on model-based control deficits in psychopathology, which 

has conceptualized these deficits as fixed individual traits (9–14), our metacontrol framework 

conceptualizes them as dynamic and adaptive. The results of the current study suggest that 

model-based control can be flexibly deployed depending on incentives in the environment and 

increased clinical symptoms and traits do not diminish this flexibility. This has important clinical 
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implications because interventions that use incentives have shown a range of positive psychiatric 

and health-related outcomes. For example, contingency management is an incentive based 

intervention, whereby individuals diagnosed with substance use disorders are provided incentives 

in exchange for evidence of behavioral change (43). Moreover, incentives have been widely 

efficacious in fostering health-related goals such as smoking cessation, increased physical 

activity, healthy eating, and reduced alcohol consumption (44). Incentives also consistently 

improve response inhibition in patient populations diagnosed with ADHD (45). Potentially one 

reason these incentives have been found to be efficacious, is that incentives may enhance 

processes underlying model-based control.  Future studies could extend the current results in 

diagnosed patient samples by providing incentives for increases in model-based control, and 

testing if these changes correspond to treatment outcomes.  

Second, our results showed an incentive interaction with both sensation seeking and the 

anxious depression factor, where increasing scores on these measures predicted larger boosts 

in model-based control in response to incentives. Although, these two constructs show the same 

pattern of results, it may be due to different mechanisms. Sensation seeking is putatively 

characterized by increased appetitive drive and decreased sensitivity to punishment (46). One 

possibility is that the high stakes condition may promote increased model-based control through 

hypersensitivity to reward, and this is consistent with theoretical models (46). For the anxious 

depression factor, although it is unclear to us why this factor was related to larger boosts in model-

based control, it seems unlikely that it is related to hypersensitivity to reward.  

Third, the self-report measures generally showed a negative relationship with model-

based control, with the exception of social anxiety and alcohol use, which were unrelated to 

model-based control, and sensation seeking, which showed an interaction with incentives. Some 

of the self-report measures had strong correlations (27% of the correlations were r > .5 but only 

3% were r > .7; see S3 for a correlation matrix). Thus, the negative relationship to model-based 

control across most constructs may be due to shared variance of a common illness factor (47, 
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48). However, this is unlikely to be the sole explanation for our findings, because the majority of 

the correlations between the constructs were weak or moderate and, furthermore, the psychiatric 

factors show three separate relationships to model-based control. (i.e., compulsive behavior 

shows a negative relationship, social withdrawal shows a positive relationship, anxious 

depression shows an interaction with incentives). 

Limitations 

There are several limitations to the current study. First, our analyses were unable to tease 

apart whether deficit arise from impairment of the model-based controller itself, a dysfunctional 

metacontroller, or misrepresentation of the costs and benefits of choices. Future experimental 

and modeling work will be needed to tease apart these possibilities. Second, some constructs 

were sparsely sampled at the higher ranges, and given the current sample, we cannot make 

claims about whether incentives lead to similar boosts in model-based control among those at the 

highest end of severity (i.e., formally diagnosed and severe psychiatric patients). However, many 

of the participants here reported diagnoses and intensive psychiatric treatment (i.e. inpatient or 

residential care; Table 1). Nevertheless, our data show the incentive effect is largely uniform 

across the observed range for most constructs (Supplement S1, S2). Third, based on our 

questions of interest, we did not test whether certain self-report measures are associated with 

model-based control while simultaneously accounting for the effect of the other self-report 

measures, though we did take this approach with the factors. Future research could examine 

which constructs have unique relationships with the effects of incentives on model-based control.  

 Fourth, model-based control depends on a domain-general cognitive mechanisms, such 

as working memory (6, 49). If a particular symptom is associated with a deficit in working memory, 

then this will manifest as reduced model-based control, but it will also manifest as a deficit in many 

other tasks. Future studies would have to measure (in the same individual) multiple tasks with 
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overlapping cognitive demands to understand whether this is a major confound when examining 

model-based control and clinical constructs. 

 Finally, one might be concerned that the task used here is “degenerate” as a sequential 

decision task, since there is only a single choice that results in deterministic transitions. 

Understanding whether our results generalize to the more complex sequential decision tasks 

characteristic of real-world environments remains an important unanswered question. 

Conclusions 

 In this study, we found evidence for a cost-benefit metacontrol process that boosts model-

based control under high incentive conditions regardless of symptom or trait severity for many 

psychiatric constructs. Exceptions included sensation seeking and the anxious depression factor, 

for which higher construct severity was associated with larger boosts in model-based control for 

high relative to low incentive conditions. Alcohol use and social anxiety showed no relationship, 

while social withdrawal showed a positive relationship. The psychiatric factors revealed three 

separate relationships to model-based control, with the anxious depression factor showing an 

interaction with incentives, thereby demonstrating the advantage of using psychiatric dimensions 

to detect specific relationships between self-report measures and computational constructs. 

Future work may seek to test the efficacy of using incentives to boost model-based control in 

patient populations and the relationship between these effects and treatment outcomes. 
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Abstract 

The law of least mental effort states that the brain tries to minimize mental effort 

expenditure during task performance by avoiding decisions that require greater cognitive 

demands. Prior studies have shown associations between disruptions in effort expenditure and 

specific psychiatric illnesses (e.g., schizophrenia and depression) or clinically-related traits (e.g., 

anhedonia and apathy), yet no research has explored this issue transdiagnostically. Specifically, 

this research has largely focused on a single diagnostic category, symptom, or trait. However, 

abnormalities in effort expression could be related to several different psychiatrically-relevant 

constructs that cut across diagnostic boundaries. Therefore, we examined the relationship 

between avoidance of mental effort and a diverse set of clinically-related symptoms and traits, 

and transdiagnostic latent factors in a large sample (n=811). Only lack of perseverance, a 

dimension of impulsiveness, was associated with increased avoidance of mental effort. In 

contrast, several constructs were associated with less mental effort avoidance, including positive 

urgency, distress intolerance, obsessive-compulsive symptoms, disordered eating, and a factor 

consisting of compulsive behavior and intrusive thoughts. These findings demonstrate that 

deviations from normative effort expenditure are associated with a number of constructs that are 

common to several forms of psychiatric illness.  

  



 

 73 

 

Introduction 

Each day we are faced with tasks that require mental effort. The level of effort depends 

on the difficulty of achieving the desired goal. Given that mental effort is a critical part of daily life, 

understanding the role of mental effort in psychopathology may provide key insights into 

psychiatric conditions that show deviations from exerting effort towards adaptive behavior. For 

example, drug seeking or compulsivity can be thought of as exercising effort towards the wrong 

goal. In addiction, effort manifests as motivated planning to obtain drugs, and similarly, counting 

in OCD is aimed at immediately reducing feelings of distress. Meanwhile, symptoms such as 

anhedonia and avolition can be thought of as a failure of effort exertion. Elevations in apathy are 

associated with a lack of interest, and likewise, avolition is a deficit in the initiation of self-directed 

and purposeful activities. 

A number of studies have demonstrated that decision-making that requires mental effort 

is disrupted in clinical populations with diagnoses of schizophrenia and depression (for a review, 

see Culbreth, Moran, & Barch, 2017) and in personality traits such as anhedonia2,3 and apathy 

(for recent review, see Le Heron, Apps, & Husain, 2017). It has been argued these disruptions 

are due to abnormalities in the processes (e.g., cognitive control, cost-benefit evaluations, and/or 

reward responsivity) underlying the expenditure of effort1,5. Moreover, irregularities in these 

processes are putatively associated with a range of clinical diagnoses. However, these prior 

studies have focused on examining associations between effort-based decision-making and 

specific clinically-related constructs or diagnoses, tying disrupted effort onto a single measure or 

diagnostic group. The limitation of this approach is that effort disruptions are often associated with 

several symptoms and traits that cut across diagnostic boundaries.  

We overcome the limitations of examining effort expenditure in a single psychological 

construct or diagnostic group by taking a dimensional approach to psychopathology in a large 

sample6–8. We measure several symptoms and traits, and obtain transdiagnostic latent factors to 
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investigate associations between a well-defined measure of mental effort9, and several psychiatric 

constructs that traverse psychopathology.  

Among the multiple ways to examine mental effort, one approach is to focus on people’s 

tendency to minimize effort expenditure (law of least mental effort). This idea is borrowed from a 

fundamental principle underlying most theories of physical effort, that people seek to minimize 

physical demands10. Preliminary evidence for the law of least mental effort comes from Tversky 

& Kahneman’s (1974) research11, which suggests that people use heuristics and other strategies 

to minimize cognitive demands. Recently, Kool and colleagues provided the first direct evidence 

for the principle of mental effort minimization in a novel paradigm called the demand selection 

task (DST9). In this task, a participant freely chooses between two options that demand differing 

levels of mental effort. The high-demand option requires increased mental effort in the form of 

frequent task switching12, whereas the low-demand option necessitates less frequent task 

switching. Across many replications of this task, participants tend to prefer the less demanding 

course of action9,13,14. This avoidance of cognitive demand has been referred to as the law of least 

mental effort9,15. It has been suggested that mental effort is avoided because it is inherently 

aversive and carries a subjective cost5,16,17. In this view, a cost-benefit analysis underlies the 

expression of mental effort during task performance. Disruptions in the calculation of these 

subjective costs could therefore manifest as abnormalities in the expression of mental effort.  

Supporting this idea, a recent study using the DST found that individuals with a diagnosis 

of schizophrenia more frequently chose the high effort option (avoiding mental effort less) relative 

to controls18. A follow-up experiment in the study suggests this may be due to a deficit 

inadequately estimating the different effort costs associated with the two potential courses of 

action. This finding diverges from other studies showing that psychopathology is associated with 

reductions of effort (for reviews of this literature see Culbreth et al., 2018; Holroyd & Umemoto, 

2016; Pessiglione et al., 2017; Salamone, Yohn, López-Cruz, San Miguel, & Correa, 2016). 

However, these studies used different forms of mental effort, such as providing rewards to 
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incentivize mental effort exertion2,21–24. For example, in the EEfRT task2 participants repeatedly 

make choices about whether to select a low-reward low-effort or a high-reward high-effort choice 

option, and they receive greater reward depending on how much effort they are willing to exert. 

In contrast, increased effort on the DST does not result in greater reward. Therefore, the DST is 

intended to measure costs intrinsic to action itself, rather than costs associated with the effects of 

actions on the environment9. Moreover, tasks such as the EEfRT demand physical effort whereas 

the DST requires only mental effort. Thus, using the DST allows one to specifically investigate 

mental effort exertion associated with action costs, and the relationship of mental effort with 

various aspects of psychopathology. 

 In the current study, we examine the expression of mental effort across the 

psychopathology spectrum. In addition to measuring a broad range of symptoms and traits, we 

produced three transdiagnostic factors (anxious depression, compulsive behavior and intrusive 

thought, and social withdrawal) that have been previously shown to be relevant to 

psychopathology and goal-directed behaviors25. We combine these psychiatric factors, and 

several symptom and trait measures, with the DST to investigate the law of least mental effort 

transdiagnostically. Given that Gold and colleagues found patients chose the high effort option 

more frequently, but that other clinical studies have demonstrated reductions in effort expression, 

we aim to explore the association between mental effort and a range of transdiagnostic psychiatric 

constructs. Deviations from normal effort expenditure in these constructs would suggest that effort 

expression and its’ associated cost-benefit analysis may be a common abnormality across several 

forms of psychopathology.  

 

Methods 

 

Participants 
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A total of 905 participants were recruited using Amazon Mechanical Turk. The participants 

provided informed consent, and the study and experimental protocols followed ethical guidelines 

and were approved by the Committee on the Use of Human Subjects (CUHS), the Institutional 

Review Board (IRB) for Harvard University. Participants were required to have U.S. residency, 

90% approval rating, and 100 completed Mechanical Turk Human Intelligence Tasks. The study 

was completed over two sessions, and included the DST9, an adaptive IQ test25,26, nineteen self-

report measures, and a sequential decision making task27,28. Participants were compensated $20. 

Exclusions included current drug and/or alcohol intoxication (n = 3) and demonstrated non-

adherence on the IQ test (n = 72) and/or DST (n = 19). The final sample included 811 participants 

that were 47.9% female and 52.1% male, ranged in age from 18 – 73 years old (M = 34.9, SD = 

10.2) and had an average IQ of 99.3 (SD = 9.7). Participants were 78.4% Caucasian, 8.8% 

Black/African American, 6.2% Hispanic/Latino, 6.0% Asian/Asian American, and 0.5% Native 

American/Other. Table 1 contains self-reported clinical diagnostic and treatment information. 

Table 1. Self-reported Clinical Characteristics n=811 
Endorsed Specific Diagnosis 37.24%     (302) 

2 Diagnoses 13.56%     (110) 
>= 3 Diagnoses 6.78%       (55) 

Past Treatment: Any Treatment 31.32%     (254) 
Partial, Inpatient, Residential 8.38%       (68) 

Current Treatment: Any Treatment 20.47%     (166) 
Partial, Inpatient, Residential 4.43%       (36) 

Psychiatric Medication 9.49%       (77) 
 

Self-report measures 

Table 2 provides definitions and sources for nineteen psychiatric constructs from self-

report measures completed by the participants. In a separate but related project on sequential 

decision making and psychopathology28, we replicated and extended the findings of Gillan and 

colleagues 2016 using overlapping self-report measures. Like these former studies, nine of the 

self-report measures in the current study can be summarized with three latent factors (anxious 

depression, compulsive behavior and intrusive thought, and social withdrawal). We generated the 
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scores for these factors using the factor loadings from Gillan and colleagues 201625. The 

measures included in these factors are: Apathy Evaluation Scale29, trait portion of the State-Trait 

Anxiety Inventory30, Alcohol Use Disorders Identification Test31, Barratt Impulsiveness Scale-1132, 

Zung Depression Scale33, Eating Attitudes Test34, Obsessive-Compulsive Inventory-Revised35, 

Short Schizotypy Scale36, and Social Anxiety Scale37. 

We measured ten additional constructs because they encompass personality traits (i.e., 

intolerance of uncertainty, rumination, emotion dysregulation, distress intolerance, impulsivity)  

that underlie prominent theories of psychiatric illness. These measures were, the Intolerance of 

Uncertainty Scale38, Anxiety Sensitivity Index-339, Ruminative Response Scale40, Difficulties with 

Emotion Regulation Scale41, Distress Tolerance Scale42, and the UPPS-P Impulsivity Scale43–45 

(the UPPS-P is comprised of positive & negative urgency, sensation seeking, lack of 

premeditation, and lack of perseverance). We did not conduct a factor analysis with these 

measures because the sample size is underpowered and we sought to say consistent with Patzelt 

and colleagues (in press). 

Table 2. Descriptions of Psychiatric Constructs 

Construct Description 

Perseverance (lack of) Difficulty maintaining attention and vulnerability to intrusive 
and interfering information 45 

Rumination Thinking repetitively and passively about negative emotions, 
with a focus on distress 40 

Sensation Seeking Willingness to take risks (financial, legal, physical) for novel-
intense experiences 45 

Premeditation (lack of) Difficulty considering the long-term consequences of actions 
45 

Barratt Impulsivenessa Dimensions of impulsivity (attentional, motor, non-planning 
impulsiveness) 32 

Alcohol Usea Hazardous and harmful alcohol consumption, drinking 
behavior, and alcohol related problems 31 

Trait Anxietya Stable tendency to experience and attend to negative 
emotions 30 

Social Anxietya Anxiety and avoidance of social situations likely to induce 
fear of evaluation 37 

Anxiety Sensitivity Tendency to respond fearfully to physiological cues of anxiety 
(e.g. increased heart rate) 39 

Apathya Lack of motivation not due to diminished consciousness, 
cognitive impairment, or emotional distress 29 
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Schizotypya Unusual experiences, cognitive disorganization, introvertive 
anhedonia, and impulsive non-conformity 36 

Negative Urgency Strong immediate need to avoid negative emotions or 
physical sensations 45 

Uncertainty Intolerance Tendency to consider possibility of negative event 
unacceptable, regardless of likelihood 38 

Depressiona Affective (e.g. sad), physiological (e.g. sleep disturbance), 
and psychological (e.g. hopeless) symptoms 33 

Emotion Dysregulation Lack of emotional arousal, awareness, understanding, 
acceptance, and perseverance when emotional 41 

Disordered Eatinga Dieting, bulimia and food preoccupation, and oral control 34 

Obsessive-Compulsivea OCD symptoms (checking, washing, obsessing, mental 
neutralizing ordering, hoarding, doubting) 35 

Distress Intolerance Capacity to withstand and experience negative psychological 
states 42 

Positive Urgency Tendency to act rashly or maladaptively in response to 
positive mood states 44 

a. scale included in Gillan et al. (2016) and used to derive psychiatric factors (anxious 
depression, compulsive behavior and intrusive thought, and social withdrawal) 

  

Table 2. Self-report measures with exact (or abbreviated) definition from source article. 

Organized according to ascending coefficient mean (see figure 3). 

 

Demand selection task 

The study used an abridged version of the DST first reported in Experiment 3 of Kool and 

colleagues (2010) and also used in Experiment 1 of Gold and colleagues (2014), but it was 

adopted for use on Mechanical Turk (https://github.com/wkool/demandavoidance). In this 

paradigm, the participant is presented with two abstract color patches representing the cues 

(Figure 1). The participant chooses a cue, and a probe appears as a blue or yellow number 

between 1 and 9. Participants were instructed to make a parity judgment on yellow numbers (i.e., 

odd or even) or a magnitude judgement on blue numbers (i.e., > 5 or < 5).  

One cue represented the high-demand option, whereas the other represented the low-

demand option. When choosing the high-demand cue over several trials, the participant would be 

required to switch tasks between parity and magnitude judgments 90% of the time. Alternatively, 

when choosing the low-demand cue consistently over several trials, the participant would be 
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required to switch tasks between parity and magnitude judgements 10% of the time. Thus, the 

high-demand condition required more task switching relative to the low-demand condition, and 

therefore greater cognitive effort9,12,18. 

There were three rounds of training where participants first practiced 10 trials making 

parity or magnitude judgements with accuracy feedback on every trial. Next, participants 

completed 10 trials with feedback at the end, to ensure the correct response mappings. Finally, 

participants practiced 20 trials of the full task by choosing a cue and responding with a parity or 

magnitude judgment depending on the color of the displayed number. The participants completed 

300 trials of the DST with 75 trials across 4 blocks and 4 cue pairs. The location and appearance 

of the cues remained fixed within block while varying across block.  

Figure 1. Demand selection task. The participant is presented with the choice between two 

abstract patches representing the cues. A probe appears as a colored number following cue 

selection, and the participant responds with a parity judgement on yellow numbers (e.g., odd or 

even), or magnitude judgement on blue numbers (e.g., <5 or >5). Note, the magnitude and parity 

rules are displayed above, but not visible to the participant during the task. The top cue is the high 

demand option and requires frequent task switching between parity and magnitude judgements 

(i.e., 90% of the time; high mental effort). The bottom cue is the low demand option and requires 

infrequent task switching between parity and magnitude judgements (i.e., 10% of the time; low 

mental effort). Participants completed 300 trials across 4 blocks and 4 different cue pairs. 

Analyses 

Blue Numbers: press left for < 5, right for >5

<5 or >5?odd or even?
High Effort:  

90%  
Task Switching 

Low Effort:  
10%  

Task Switching 

47

4 2
<5 or >5? <5 or >5?

Yellow Numbers: press left for odd, right for even

Trial Sequence
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Measuring mental effort 

Following prior work9, we measured the degree of demand avoidance as the proportion of 

trials on which participants chose the low demand cue. Accuracy was calculated separately for 

low demand and high demand trials. Participants were excluded (N = 19) if their overall task 

performance reflected random responding, which was calculated using a binomial distribution to 

determine the minimum number of correct responses (i.e., 165/300 trials) needed to surpass the 

50% chance accuracy threshold. 

 

Demand avoidance bias and psychiatric constructs (Bayesian regression) 

Bayesian regression was used to estimate the relationship between the psychiatric 

constructs and demand avoidance46. This differs from frequentist approaches to linear analysis in 

several ways. Frequentist linear regression produces a point estimate of the regression 

coefficients. This is often reported in addition to 95% confidence intervals, which indicate that over 

many repetitions of the study, 95% of intervals will contain the population value. As noted by 

Baldwin & Larson (2016) and colleagues47, confidence intervals are often misinterpreted as the 

interval that contains probable values of the beta coefficient. However, in frequentist theory, the 

confidence interval indicates confidence in the method (i.e., the study design) that produced the 

beta estimate. This point estimate is subjected to significance testing for rejection of the null 

hypothesis. The frequentist interpretation is binary: either there is a lack of a relationship between 

the predictor and the dependent variable (i.e., the null hypothesis is true), or the null hypothesis 

is rejected.  

In contrast, Bayesian linear regression incorporates probability into the estimate of beta 

values for the regression coefficient. A posterior probability distribution over possible beta values 

is produced that can be summarized using credible intervals, indicating the concentration of betas 

around the mean or median. This allows us to quantify the magnitude of the effect between the 

psychiatric constructs and demand avoidance because we can estimate the probability that a 



 

 81 

positive or negative relationship exists (rather than accepting or rejecting the null). We report the 

95% highest posterior density (HPD) interval. This indicates the range of coefficient values around 

the posterior mean (βmean) that contains 95% of the posterior probability density. The percentage 

of the posterior density that exceeds or falls below 0 indicates the probability of a positive 

relationship (i.e., construct is associated with more demand avoidance), or negative relationship 

(i.e., construct is associated with more effort as shown by less demand avoidance). We used the 

brms package48 with the default prior σ ~ student-t(3,0,10) and separately regressed each self-

report measure onto the proportion of low demand choices (i.e., demand avoidance) while 

controlling for age, IQ, and gender. 

 

Transdiagnostic factors 

 We derived psychiatric factors by regressing the published factor loadings from Gillan et. 

al, (2016) onto the item level scores for nine self-report measures that overlapped with their study 

(see Table 2). This generated individual factor scores for the participants in our study 

corresponding to the three psychiatric factors: anxious depression, compulsive behavior and 

intrusive thought, and social withdrawal. We regressed all three measures concurrently onto the 

proportion of low demand choices, again controlling for age, IQ, and gender. 

 

Data availability statement 

The datasets generated during and/or analyzed during the current study are available from the 

corresponding author on reasonable request. 

 

Results 

Demand selection task 

 On average, participants selected the low demand option 65% of the time (SD = 0.18; 

Figure 2). A one-sample t-test showed participants significantly preferred the low demand option 
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over the high demand option (t(810) = 23.59, p < .001). Mean accuracy for the low demand cue 

was 0.95 (SD = 0.063) and for the high demand cue was 0.93 (SD = 0.073) and these also differed 

significantly (t(1587.3) = 5.51, p < .001). IQ was significantly positively correlated with demand 

avoidance (r(792) = 0.21, p < .001), indicating increasing IQ was associated with a bias towards 

greater demand avoidance (i.e., less mental effort). Age was uncorrelated with demand avoidance 

(r(792) = -0.01, p = 0.71). 

 

Figure 2. A. Participants displayed a bias towards minimizing cognitive demand by more 

frequently selecting the low demand cue that required task switching between parity and 

magnitude judgments 10% of the time. B. Histogram of proportion low-demand choices by 

participant. 

 

Demand avoidance and self-report measures 

 Figure 3 shows the results of separate regressions for each self-report measure. The 

distance from zero of the mean beta coefficients and credible intervals indicate the magnitude of 

the relationship between demand avoidance and the self-report measures. Table 3 reports the 

posterior probability of beta less than or greater than zero. Almost the entire posterior distribution 
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of possible betas for lack of perseverance was placed on values greater than zero (96.5% 

positive), indicating that the self-report measure was associated with a greater demand avoidance 

bias (i.e., less mental effort). Alternatively, positive urgency (1.8% positive), distress intolerance 

(3.0% positive), obsessive-compulsive symptoms (6.4% positive), and disordered eating (6.9% 

positive) all had posterior beta distributions where at least 90% of the beta estimates were 

negative. Thus, increases in these constructs were associated less demand avoidance bias, 

meaning people high in these constructs exerted more mental effort. Additionally, several self-

report measures were weakly associated with a lesser demand avoidance bias (i.e., less than 

90% but more than 50% of the posterior was negative). 

 
Figure 3. Coefficient plot where the beta indicates the estimated slope of the line relating severity 

of the self-report measures and proportion of low demand choices while controlling for age, IQ, 

greater distance from 0 = larger effect
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Distress Intolerance
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and gender. Credible intervals are displayed containing 95% of the posterior probability density 

around the mean, organized according to ascending coefficient mean. Negative beta intervals are 

evidence for less demand avoidance (more mental effort) and positive beta intervals are evidence 

for more demand avoidance (less mental effort). 

Table 3. Posterior probabilities of relationship between 
self-report measures and demand avoidance 
Construct Neg (< 0) Pos (> 0) 
Perseverance (lack of) 3.5% 96.5% 
Rumination 37.7% 62.3% 
Sensation Seeking 39.5% 60.6% 
Premeditation (lack of) 44.4% 55.7% 
Barrat Impulsiveness 47.8% 52.2% 
Alcohol Use 54.1% 45.9% 
Trait Anxiety 54.1% 46.0% 
Social Anxiety 56.1% 43.9% 
Anxiety Sensitivity 56.1% 43.9% 
Apathy 56.7% 43.3% 
Schizotypy 67.0% 33.1% 
Negative Urgency 73.3% 26.7% 
Uncertainty Intolerance 77.9% 22.2% 
Depression 85.2% 14.8% 
Emotion Dysregulation 89.5% 10.5% 
Disordered Eating 93.1% 6.9% 
Obsessive-Compulsive 93.6% 6.4% 
Distress Intolerance 97.0% 3.0% 
Positive Urgency 98.2% 1.8% 

 

Table 3. Table showing the posterior probability density over β (the coefficient relating self-report 

measure severity to low demand choices) that each self-report measure is associated with 

decreases (i.e., negative <0; more mental effort) or increases (i.e. positive > 0; less mental effort) 

in demand avoidance. The more the posterior probability density is <0 or >0 , the higher the 

probability that there is a relationship between the measure and the expression of mental effort.  

 

Demand avoidance and psychiatric factors 
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 Figure 4 shows the mean beta coefficients and credible intervals when regressing the 

three psychiatric factors onto demand avoidance concurrently, and Table 4 reports the 

corresponding posterior density of the possible beta values around 0. The compulsive behavior 

and intrusive thought factor was strongly associated with a weaker demand avoidance bias (0.7% 

positive) with most of the posterior distribution less than zero. In contrast, the anxious-depression 

and social withdrawal factors were both weakly associated with a greater demand avoidance bias 

indicating less mental effort (anxious depression = 79.5% < 0, social withdrawal = 77.1% < 0). 

 

Figure 4. Coefficient plot where the beta indicates the estimated slope of the line relating severity 

of the transdiagnostic psychiatric factors and proportion of low demand choices while controlling 

for age, IQ, and gender. Credible intervals are displayed containing 95% of the posterior 

probability density around the mean. Negative beta intervals are evidence for less demand 

avoidance (more mental effort) and positive beta intervals are evidence for more demand 

avoidance (less mental effort). Factors derived from nine of the self-report measures indicated in 

table 1.  

 

 

Social Withdrawal

Compulsive Behavior
Intrusive Thought

Anxious Depression

−0.05 0.00 0.05
b

greater distance from 0 = larger effect

less effortmore effort
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Table 4. Posterior probabilities of relationship between psychiatric 
factors and demand avoidance 
Construct Neg (< 0) Pos (> 0) 
Anxious-depression 20.5% 79.5% 
Compulsive Behavior & Intrusive Thought 99.3% 0.7% 
Social Withdrawal 23.0% 77.1% 

 

Table 4. Table showing the posterior probability density over β (the coefficient relating 

transdiagnostic factor severity to low demand choices) that each factor is associated with 

decreases (i.e., negative <0; more mental effort) or increases (i.e. positive > 0; less mental effort) 

in demand avoidance. The more the posterior probability density is <0 or >0 , the higher the 

probability that there is a relationship between the factor and the expression of mental effort.  

 

Discussion 

 The law of least mental effort states that we seek to minimize cognitive demands9,15. In 

this study, we investigated the relationship between mental effort and transdiagnostic measures 

of psychopathology in a large online sample. Former research has largely focused on a single 

diagnostic category or trait, and our study expanded the scope of effort expression in 

psychopathology by measuring a broad range of symptoms, traits, and factors that cut across 

diagnostic boundaries. While increasing scores on lack of perseverance (a facet of 

impulsiveness), were associated with a greater avoidance of cognitive effort, increasing scores 

on several constructs were associated with a weaker avoidance of cognitive effort. We found that 

(1) increasing lack of perseverance was associated with greater avoidance of cognitive effort; (2) 

increasing positive urgency, distress intolerance, obsessive-compulsive symptoms, and 

disordered eating were associated with weaker avoidance of cognitive effort (i.e., all had >90% 

of the posterior density distributions indicating avoidance decreases); and (3) increasing scores 

on a transdiagnostic psychiatric factor encompassing compulsive behavior and intrusive thought 

were also associated with weaker avoidance of cognitive effort. In addition, increasing scores on 
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several of the self-report measures were weakly associated with weaker avoidance of cognitive 

effort (Figure 2, Table 3). 

Prior research on effort-based decision making has largely focused on a single 

phenomenon (e.g., anhedonia) or diagnostic category (e.g., schizophrenia). We used several 

transdiagnostic symptoms, traits, and factors to show specific associations between mental effort 

and various aspects of psychopathology. Lack of perseverance is defined as difficulty completing 

challenge or boring tasks45. Since this is a self-report measure of effort, this finding provides 

convergent validity with the DST’s behavioral index of effort avoidance. With the exception of lack 

of perseverance, several scales were associated with weaker avoidance of cognitive effort, 

demonstrating individuals with higher scores on these constructs chose the high effort option 

more frequently than those with lower scores. There are several possibilities to contextualize 

these findings.  

First, our findings that increased psychopathology was associated with increased mental 

effort parallel those of Gold and colleagues (2014); one of their experiments showed that patients 

with a diagnosis of schizophrenia chose the high effort option somewhat more frequently. A forced 

choice condition in a control experiment (e.g., instructions to select the higher, or lower, effort 

cue) suggests that greater effort expenditure in the patient group may have arisen due to a deficit 

in adequately estimating the effort costs of the two response options. This is consistent with a 

cost-benefit account of mental effort5,49 and suggests that other forms of psychopathology may 

be associated with a disruption in the cost-benefit analysis underlying effort expression. Shenhav 

and colleagues (2017) also propose that effort is comprised of a set of individual characteristics 

(e.g., information-processing capacity) and cognitive processes (e.g., performance monitoring) 

that mediate between task demands and task performance.  

These processes are disrupted in a range of psychiatric illnesses, and therefore a second 

possibility is that the constructs associated with greater effort reflect a deficit in attention, 

performance monitoring, or other cognitive control abilities50,51. These individuals are not choosing 
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the high effort option more because they prefer it, but because they fail to sustain the 

representation of the two cues simultaneously during the task. Our data cannot speak to this 

possibility and future research may benefit from combining effort tasks with other cognitive control 

paradigms to increase specificity when examining relationships between aspects of cognition and 

psychopathology.  

A third possibility is that, individuals who are elevated on these clinically-related constructs 

are aware of which option requires lower effort and just prefer the high effort course of action. 

Evidence for this possibility could manifest as a scenario in which these participants show similar 

task accuracy as participants low on the clinically-related constructs and just choose to select the 

high effort option more frequently. Unfortunately the current data cannot provide strong evidence 

for this possibility because accuracy and effort are confounded: the high effort option is more 

difficult, and therefore choosing this option more will decrease accuracy. In an exploratory 

analysis, we focused on subjects with 90% accuracy or above, and the results remained largely 

consistent (supplemental information). This supports the idea that participants were engaged with 

the task and deviations of effort were not simply due to random responding. Therefore, three 

possible mechanisms driving choosing the high effort option more frequently are 1) difficulty 

estimating the cost of the two response options18, 2) deficits in cognitive processing (e.g., 

cognitive control) that mediates between task demands and task performance5, and/or 3) a 

preference for greater mental effort. 

Our results also diverge from a large literature indicating that psychopathology is generally 

associated with reductions of effort (for reviews see Culbreth et al., 2018; Pessiglione et al., 2017). 

However, in addition to the findings of Gold and colleagues indicating greater mental effort, there 

have been other ambiguities in this research. In a case-control study of major depressive disorder 

it was found that patients exerted less effort (relative to controls), yet within the patient group 

higher depressive symptoms were correlated with greater effort52. Using the same task (i.e., 

EEfRT), McCarthy and colleagues (2016) found an similar result in patients with a diagnosis of 
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schizophrenia, who exhibited less overall effort, but demonstrated a positive association between 

effort exertion and negative symptom severity53. Meanwhile, another recent study using the 

EEfRT task found social anhedonia was associated with greater effort exertion overall3. These 

findings suggest that the relationship between the expression of effort and psychopathology may 

be more nuanced than anticipated by theories1,16 in which psychopathology is associated with 

effort reductions. Moreover, across studies supporting both reductions and increases in effort, the 

paradigms have incentivized participants to increase effort. In the EEfRT task2, participants are 

provided more reward for more presses of the spacebar. As noted above, the DST does not 

provide greater reward for more effort expenditure. Therefore, the DST may comprise a different 

set of intervening processes that affect the expression of mental effort, due to the costs associated 

with action itself (rather than those due to the association between actions and outcomes). 

The compulsive behavior and intrusive thought demonstrated the same pattern of results 

as several self-report measures, showing weaker avoidance of cognitive effort. The results for 

anxious-depression and social withdrawal were weakly in support of a greater avoidance of 

mental effort. These three factors were derived from nine scales that cut across diagnostic 

categories25. For example, the compulsive behavior and intrusive thought factor contained high 

loadings from items on the obsessive-compulsive inventory35 and the disordered eating 

questionnaire34. This suggests that this factor, in particular, may be associated with cognitive 

deficits across several domains of psychopathology, perhaps reflecting general difficulties with 

cognitive control and/or estimating the costs associated with mental effort.  

The main limitation of the current investigation was our inability to disentangle the 

association between psychiatric constructs and various processes underlying the expenditure of 

mental effort. As noted by others5, this limitation arises because the expenditure of effort is 

affected by multiple cognitive processes of the individual, and their relationship to 

psychopathology requires more systematic approaches (e.g., computational modeling) to 

concurrently examine, and formalize, the processes driving effort expression. Another limitation 
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is that the self-report measures are heterogenous in themselves, comprised of many different 

questions that may measure many different aspects of the proposed construct, further occluding 

the specificity the construct and its’ relationship with effort. By using the transdiagnostic factor 

approach we were able to partially overcome this challenge. However, network54 and 

computational approaches to the structure of psychopathology55 will be needed to further parse 

dissociable aspects of psychiatric illness and look at relationships with cognition.  

The current study demonstrated that various aspects of psychopathology are associated 

with deviations from the law of least mental effort. Our findings that some psychiatric constructs 

were associated with increased mental effort avoidance, whereas others were associated with 

decreased mental effort avoidance, demonstrates the specificity that can be achieved with 

transdiagnostic approaches to the study of cognitive processes. Moreover, we report that 

elevations on several psychiatric constructs are associated with choosing the high effort option 

more frequently, and this complements a large literature demonstrating reductions of exerted 

effort in diagnostic categories such as depression and schizophrenia. This has significant clinical 

implications for understanding how psychiatric illness may be associated with deviations from 

normative effort expenditure. Exerting less, or more, mental effort may manifest because of 

problems estimating the costs and benefits of effort expenditure, and these problems could 

correspond to challenges exerting the appropriate level of mental effort for the tasks of daily life. 
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Abstract 

The tension between habits and plans is reflected in everyday decision-making. While habits are 

computationally cheap, they fail to adapt to changes in the environment with the flexibility of 

prospective planning. Arbitration between these two decision-making strategies has been 

formalized in terms of a tension between “model-free” and “model-based” reinforcement learning 

algorithms. Evidence suggests a developmental trajectory in which model-based control emerges 

during young adulthood and declines in older adulthood. However, previous work used a task in 

which model-based control was not incentivized. Here, using a different task, we ask if incentives 

can boost model-based control in older adults. Contrary to expectations, in Experiment 1 we found 

that model-based control was boosted by incentives in older adults sampled from an online 

population. We hypothesized this may be due to previous experience with the task (or with similar 

tasks). In Experiment 2, a naïve sample of older adults did not exhibit boosted model-based 

control in response to incentives. These results suggest that incentives may be a useful 

intervention to increase model-based planning in older adulthood, but this may require extensive 

experience with the incentive structure. 
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Introduction 

Everyday decision-making can often rely on habitual behavior, but sometimes demands 

deliberative planning. Habits provide a computationally cheap problem-solving strategy, but they 

cannot flexibly adapt to changes in the environment. Planning, on the other hand, provides greater 

flexibility at a greater computational cost. The tension between habits and plans is particularly 

useful for understanding the processes underlying development changes in decision-making 

across the lifespan such as the emergence of flexible planning during adolescence (Decker, Otto, 

Daw, & Hartley, 2016), and its’ subsequent decline in older adulthood (Eppinger, Walter, 

Heekeren, & Li, 2013).  

The distinction between habits and plans has been formalized within a reinforcement learning 

framework (Daw, Niv, & Dayan, 2005; Dolan & Dayan, 2013; Kool, Cushman, & Gershman, 2017; 

Sutton & Barto, 1998) which has also been invoked to understand changes in decision-making 

across the lifespan (Raab & Hartley, 2018). Within this framework, habits are operationalized as 

a form of “model-free control”, and plans are operationalized as a form of “model-based control”. 

Model-free control is a modern form of Thorndike’s law of effect (Thorndike, 1911): actions leading 

to rewards are more likely to be repeated. This is implemented by updating cached reward 

predictions based on trial and error. Critically, these cached predictions require interaction with 

the environment, and therefore cannot quickly adapt to environmental changes, such as 

decreases in the value of a particular decision.  

Model-based control uses an internal model of the environment, akin to a “cognitive map” 

(Tolman, 1948), that specifies the reward and state transition structure. This model allows for 

prospective simulation (Doll, Duncan, Simon, Shohamy, & Daw, 2015) of sequential decision 

paths, and permits flexible adaptation in response to environmental changes by updating the 

model. 

The balance between model-free and model-based control has been primarily studied in 

humans using a particular two-step sequential decision task (Daw, Gershman, Seymour, Dayan, 
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& Dolan, 2011), discussed in the next section. A single weighting parameter can be estimated for 

each individual, a “computational phenotype” (Patzelt, Hartley, & Gershman, 2018), that captures 

the degree to which the individual relies on model-based control. This computational phenotype 

has been linked to a wide range of individual differences and psychiatric conditions (Culbreth, 

Westbrook, Daw, Botvinick, & Barch, 2016; Gillan, Kosinski, Whelan, Phelps, & Daw, 2016; 

Patzelt, Kool, Millner, & Gershman, 2018b; Sebold et al., 2014, 2017; Voon et al., 2015). 

In the current investigation, we use a different sequential decision-making task that provides 

incentives to boost model-based control on some trials. This design allows us to ask a critical 

question about the pliability of model-based control in older adulthood: can we use incentives to 

boost model-based control in older adults? In the next two sections, we review prior research on 

model-based control across the lifespan and introduce a theoretical framework for understanding 

the factors governing arbitration between model-free and model-based controllers. We then report 

two behavioral experiments comparing younger and older adults using a parametric estimate of 

model-based control under different incentive conditions. 

 

Model-based control across the lifespan 

Research into model-based control shows that it follows a developmental arc throughout the 

lifespan. Decker and colleagues (Decker et al., 2016) demonstrated the apparent absence of 

model-based control during childhood (ages 8-12), its’ emergence during adolescence (ages 13-

17), and a further bolstering of model-based control during early adulthood (ages 18-25). This 

study is complemented by Eppinger et al. (2013), who investigated model-based control in 

younger versus older adults using a very similar task. They showed that older adults have model-

based deficits which are acutely evident during decisions following unexpected rewards. Whereas 

younger adults tended to explore the task structure in this state of uncertainty, older adults did 

not explore the task structure, demonstrating a perseverative response pattern characterized by 

lower model-based control. This developmental trajectory of model-based control provides an 
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empirical and computational foundation for theoretical accounts of cognitive processes that are 

tuned differently across various developmental stages (Hartley & Somerville, 2015; Raab & 

Hartley, 2018). 

Across both studies, the sequential decision-task used to measured model-based control was 

developed by Daw and colleagues (Daw et al., 2011), and we refer to this as the Daw two-step 

task. However, the Daw two-step is limited by the fact that increasing model-based control does 

not lead to greater reward on the task (Kool, Cushman, & Gershman, 2016). In accordance with 

this observation, model-based control is not increased in response to incentives on the Daw two-

step (Kool, Gershman, & Cushman, 2017), and therefore is not useful for investigating whether 

older adults can dynamically adjust model-based control in response to incentives.  

To overcome these limitations, Kool and colleagues developed a novel sequential decision 

task in which higher model-based control leads to greater reward (Kool et al., 2016), and model-

based control can be boosted with incentives (Kool, Gershman, et al., 2017). In this task, some 

trials were “low stakes” (subjects earned the presented reward) and some tasks were “high 

stakes” (reward was multiplied by 5). This incentive manipulation was able to boost model-based 

control across a spectrum of psychopathological severity (Patzelt et al., in press), suggesting that 

it might also have a similar effect on model-based control in older adults. 

 

Metacontrol framework 

 As mentioned above, model-free and model-based control confer different costs and 

benefits. The experiments of Kool and colleagues (2017) suggest that arbitration between these 

two modes of control occurs via a metacontrol cost-benefit analysis. A metacontroller arbitrates 

between the lower cost (but potentially lower reward) model-free controller, and higher cost (but 

potentially higher reward) model-based controller (schematized in Figure 1). To illustrate, boosting 

model-based control in the Daw two-step task does not lead to greater reward, and therefore the 

metacontroller will choose the resource cheap model-free strategy. In contrast, the metacontroller 
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will engage model-based control on the Kool two-step task, because this will lead to greater 

reward. This metacontrol framework helps explain why it is advantageous to increase model-

based control in response to incentives on the Kool two-step task.  

 Based upon the work of Eppinger and colleagues (2013), we expect older adults to show 

model-based deficits, and impairments in their ability to increase model-based control in response 

to large incentives. If we find that older adults show model-based deficits on the Kool two-step 

task and/or impairments in responding to incentives, it would suggest older adults may have 

trouble accurately estimating the costs associated with model-based control. However, if we find 

the older adults can boost model-based control in response to incentives, it suggests interventions 

targeting model-based control may help increase goal-directed behavior in older adults. 

 
 

Figure 1: A. Schematic showing how a metacontroller compares the computational cost against 

the reward benefit for model-based and model-free controllers. This cost-benefit analysis 
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produces a weighting parameter (w) that expresses the probability of selecting model-based 

control (MBcontrol). 

 

Experiment 1 

 

Methods 

 

Participants 

We used the TurkPrime crowdsourcing platform (Litman, Robinson, & Abberbock, 2017) 

to recruit participants from Amazon Mechanical Turk (AMT; Seattle, WA). Participants completed 

the Kool two-step task (Kool, Gershman, et al., 2017) and a computer adaptive IQ test (CAT; 

Raven, 2000). They were compensated $11 (plus a possible bonus between $0 and $2.50) and 

provided informed consent. The study and experimental protocols followed ethical guidelines and 

were approved by the Committee on the Use of Human Subjects (CUHS), the Institutional Review 

Board (IRB) for Harvard University. A subset of 377 young adults (<= age 30) and 47 older adults 

(>= age 56) were selected from a larger study conducted on AMT that examined relationships 

between psychopathology and model-based control (Patzelt, Kool, Millner, & Gershman, in 

press); and separately, psychopathology and mental effort (Patzelt, Kool, Millner, & Gershman, 

submitted). All participants were required to have U.S. residency, 90% approval rating, and 100 

completed Mechanical Turk Human Intelligence Tasks. We recruited an additional 298 older 

adults (age >=56)  from AMT and 16 were excluded for non-response on >20% of trials. In 

addition, participants from both younger and older adults were excluded if their computational 

model parameters were not estimable (N = 5), or they did not provide their gender (N = 2). Thus, 

the final sample was 374 younger adults (M = 26.38, SD = 2.85) and 315 older adults (M = 61.46, 

SD = 4.91). 
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Sequential decision task 

Participants performed 200 trials of the two-step task developed by Kool and colleagues 

(Kool, Gershman, et al., 2017). This allowed us to measure increases in model-based control 

when comparing high stakes to low stakes (Figure 2A/B). Participants randomly started in one of 

two first-stage states and chose one of two rocket ships (which were randomly mapped to 

response keys). Following this choice, the participant deterministically transitioned to the red or 

purple alien planet. Upon arriving on the alien planet, the participant received a reward indicated 

by alien treasure. The amount of reward obtained at each planet changed randomly and gradually 

over the task, independently for each planet (a Gaussian random walk between 0 and +9). If the 

participant did not respond, no reward was delivered and the task proceeded to the next trial. 

Each trial was randomly assigned to one of the two stakes conditions. In the “high stakes” 

condition, the participant received 5 times the alien treasure reward (5x multiplier; Figure 1A). In 

the “low stakes” condition, the participant received the displayed alien treasure reward. 

 
 

Figure 2: A. At the start of each trial, participants informed about the stakes, and then 

made a choice between two rockets. This choice deterministically transitioned the participant to 

a red or purple planet and they received an alien treasure reward. B. State transition structure of 

A.

+15time

Stakes reward multiplier: 
High (large incentives) = 5x 
Low (small incentives) = 1x 

e.g., 5 (high) x 3 = 15

Drifting scalar rewards: 
Gaussian(µ = 0, σ = 2) within [0 9] 

B.

alien treasure
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the novel two-step task. Rewards changed gradually over trials on the task according to a 

Gaussian random walk. 

 

Computational model  
 
We modeled the two-step task using a dual-process reinforcement learning model that captures 

the mixture of model-based and model-free control exhibited in decision-making on sequential 

decision tasks (Daw et al., 2011; Kool et al., 2016; Kool, Gershman, et al., 2017). The model free 

algorithm is SARSA(𝜆) (Sutton & Barto, 1998), which updates the state-action pair (s,a) at step i 

and trial t in the following manner: 

 

𝑄𝑀𝐹(𝑠, 𝑎)  ←  𝑄𝑀𝐹(𝑠, 𝑎) + 𝛼𝛿𝑖,𝑡𝑒𝑖,𝑡(𝑠, 𝑎) 
 

where the prediction error is defined as: 

 

𝛿𝑖,𝑡 = 𝑟𝑖,𝑡 + 𝑄𝑀𝐹(𝑠𝑖+1,𝑡, 𝑎𝑖+1,𝑡) − 𝑄𝑀𝐹(𝑠𝑖,𝑡, 𝑎𝑖,𝑡). 
 

The learning rate is represented by D. This captures the rate at which the participant incorporates 

reward feedback (i.e. low D leads to slow incorporation and high D leads to quick incorporation) 

and 𝑒𝑖,𝑡(𝑠, 𝑎) is an eligibility trace updated in the following way: 

 

𝑒𝑖,𝑡(𝑠, 𝑎)  ←  𝑒𝑖−1,𝑡(𝑠𝑖,𝑡, 𝑎𝑖,𝑡) + 1. 
 

The eligibility trace allows step 1 values to be partially updated following step 2 outcomes.   

The model-based strategy uses a learned transition function to compute values, rather 

than retrieving state-action values from a cache (as used in the model-free approach): 

  

𝑄𝑀𝐵(𝑠𝐴, 𝑎𝑗) = 𝑃(𝑠𝐵|𝑎𝑗) 𝑄𝑀𝐹 (𝑠𝐵) + 𝑃(𝑠𝐶|𝑎𝑗) 𝑄𝑀𝐹(𝑠𝐶)  



 

 106 

 

where 𝑃(𝑠𝐵|𝑎𝑗) is the probability of transitioning to state SB  after choosing action aj, and 𝑄𝑀𝐹 (𝑠𝐵) 

and 𝑄𝑀𝐹(𝑠𝐶) are the immediate reward estimates at the second-step states (note that these are 

not dependent on actions since there is no second-step action). 

The mixture of model-free and model-based control is governed by a weighting parameter 

w: 

 

𝑄𝑛𝑒𝑡(𝑠𝐴, 𝑎𝑗) = 𝑤𝑄𝑀𝐵(𝑠𝐴, 𝑎𝑗) + (1 − 𝑤)𝑄𝑀𝐹(𝑠𝐴, 𝑎𝑗) 
 
 
The w parameter was fit independently for the low stakes and high stakes conditions, which 

allowed for comparison of model-based control across stakes. 

Finally, the probability of choosing action a given state s on a trial is given by a softmax 

function: 

 

𝑃(𝑠𝑖,𝑡) = 𝑒𝑥𝑝 (𝛽[𝑄𝑛𝑒𝑡(𝑠𝑖,𝑡,𝑎)+𝜋∙𝑟𝑒𝑝(𝑎)+𝜌∙𝑟𝑒𝑠𝑝(𝑎)])
∑ 𝑒𝑥𝑝𝑎′  (𝛽[𝑄𝑛𝑒𝑡(𝑠𝑖,𝑡,𝑎′)+𝜋∙𝑟𝑒𝑝(𝑎′)+𝜌∙𝑟𝑒𝑠𝑝(𝑎′)])

, 
 

where we have included two parameters to capture additional variance: motor stickiness S 

(pressing the same key twice), and stimulus stickiness U (choosing the same stimulus twice 

independent of its value). E represents the inverse temperature parameter that controls choice 

stochasticity. Lower values of E promote exploration and higher values promoting exploitation. 

Parameters were optimized using maximum a posteriori estimation with empirical priors 

(Gershman, 2016; Kool, Gershman, et al., 2017). See Kool et al. (2017) for expanded details 

concerning task design and computational model-fitting. 

Kool and colleagues (Kool, Gershman, et al., 2017) compared various model formulations 

of the Kool two-step task and found that the stake-dependent mixture model outperformed other 

approaches which allowed other parameters to vary (e.g., choice inverse temperature). They 
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showed that the change in model-based control due to stakes cannot be completely explained by 

other model parameters. 

 

Bayesian analysis of model-based control 

We used Bayesian linear regression to estimate the interaction between model-based 

control across high- and low-stakes and younger- versus older- adults. Whereas classic 

(frequentist) linear regression analysis typically conducts binary inference testing in the form of 

rejecting (or accepting) the null hypothesis, Bayesian linear regression (Baldwin & Larson, 2016; 

Gelman et al., 2013) provides an uncertainty distribution about the strength of the relationship(s) 

between independent and dependent variables. Specifically, frequentist linear regression 

provides a point estimate of the regression coefficients, whereas Bayesian regression provides a 

full posterior distribution, often summarized by the mean or median and the 95% highest posterior 

density (HPD) credible intervals around the mode, therefore indicating uncertainty about the 

regression coefficients. 

When the posterior is centered around 0, it is both plausible and highly probable (due to 

the large density over 0) that the IV(s) predict no change in the DV. Therefore, we report the 

posterior probability that the regression coefficient is less than or greater than 0, to indicate the 

probability that the interaction of stakes x age group  is associated with changes in model-based 

control. We used the brms package (42) with the default prior σ ~ student-t(3,0,10) and regressed 

stakes x age group onto model-based control (w) while controlling for gender. 

 

Results 

 

Model-based control, stakes, and reward rate  

We replicated previous studies using the Kool two-step task (Kool, Gershman, et al., 2017; 

Patzelt, Kool, et al., 2018a), showing that model-based control was greater during high stakes 
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than low stakes, with a posterior probability >0.99 that the regression coefficient for the interaction 

was greater than zero. Similarly, increasing reward rate was associated with changes in model-

based control, with a posterior probability >0.99 that the regression coefficient was greater than 

0. 

 

Model-based control: stakes x age group 

 We did not find appreciable evidence for an interaction between stakes and younger 

versus older adults. Figure 3A shows that both age groups had non-overlapping credible intervals 

and the posterior probability distribution for this interaction contained zero (76% < 0, 24% > 0), 

indicating there is a high probability that stakes x age group is unlikely to be associated with 

changes in model-based control. Moreover, we did not replicate the Eppinger et al. (2013) finding 

of model-based deficits in older adults, the main effect of age group regressed onto model-based 

control produced a posterior probability distribution roughly centered around 0 (40% < 0, 60% > 

0). 

 . We hypothesized this divergence with Eppinger and colleagues might be due to a lower 

mean age in the older adults compared to the Eppinger study where older adults were ~69 years 

old. Thus, we restricted our sample to 77 older adults above the age of 65 (M = 68.61, SD = 3.38), 

but still found weak evidence of an association between age group and model-based deficits 

(stakes x age group interaction; 71% < 0, 29% > 0). 

 

Discussion 

 In this study we asked if older adults would increase model-based control in response to 

incentives. We used a sequential decision-making task (Kool, Gershman, et al., 2017) with 

incentives to increase model-based control, and a sample of younger (M = 26.38, SD = 2.85)  and 

older adults (M = 61.46, SD = 4.91). Contrary to our expectations, we found that older adults did 

not show the same model-based deficits found by Eppinger and colleagues (2013). Furthermore, 
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older adults increased model-based control in response to incentives. This divergence could not 

be explained by differences in ages between our sample and that of Eppinger et al. (2013). We 

next consider the possibility that older adult MTurk workers might differ in other population 

characteristics. 

A recent review (Chandler & Shapiro, 2016) of studies using MTurk populations suggests 

that our findings in older adults may be due to increased cognitive aptitude or computer literacy. 

Moreover, as Chandler and Shapiro note, many MTurk workers have completed several online 

studies, perhaps increasing their ability to perform on cognitive paradigms. Finally, sequential 

decision tasks have been increasingly deployed online by our lab (Kool et al., 2016; Kool, 

Gershman, & Cushman, 2018; Kool, Gershman, et al., 2017; Patzelt, Kool, et al., 2018a) and 

others (Gillan et al., 2016). Thus, we hypothesized older adults on MTurk may not show model-

based deficits because, 1) they have greater technological skill, or 2) they are not naïve to 

sequential decision-making tasks.  

 

Experiment 2 

 In experiment 2, we sought to recruit a sample of older adults that would be naïve to the 

sequential decision tasks and the cognitive paradigms commonly used on MTurk. We also added 

a debriefing question “Have you ever done a game similar to this?”. These changes allowed us 

to increase the probability of recruiting a sample more representative of older adults in the general 

population. Again, we asked if older adults would show model-based deficits, and if they would 

increase model-based control in response to incentives. We recruited a naïve sample through the 

Turkprime crowdsourcing platform of 56 older adults (M = 66.30, SD = 6.42), where one 

participant was excluded due to previous experience with a similar task. Of note, we began with 

the same age cutoff of 56 years old, but raised this to 65 or older to try and match the mean age 

of Eppinger et al., (2013).  
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Results and Discussion 

 Like experiment 1, we found both stakes and average reward rate were positively 

associated with increases in model-based control (posterior probability >0.99 that coefficient is 

greater than 0). The age group factor (younger versus older adults) was not associated with 

deficits in model-based control, with the posterior probability distribution indicating large 

uncertainty about the presence of an association (24% < 0, 76% > 0). In contrast to experiment 

1, Figure 3B demonstrates an interaction whereby older adults did not boost model-based control 

in response to incentives (relative to younger adults) and the posterior probability distribution did 

not include zero (99% < 0, 1% > 0). These results indicate strong evidence that experimentally 

naïve older adults fail to increase model-based control in response to incentives. Differences in 

the results between experiments 1 and 2 could not be attributed to differences in mean age. 
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Figure 3: A.  The first panel is a coefficient plot containing 95% of the posterior probability density 

around the mean for the age factor; younger and older adults both increase model-based control 

in response to incentives. The second panel is the posterior probability distribution of age group 

x stakes interaction, which includes zero and therefore indicates lack of strong evidence for an 

effect. B. The first panel is a coefficient plot containing 95% of the posterior probability density 

around the mean for the age factor; younger and older adults both increase model-based control 

in response to incentives; younger adults increase model-based control in response to incentives 

but older adults do not (in contrast to experiment 1). The second panel is posterior probability 

distribution that does not include zero, and this suggests high confidence in the presence of an 

age group x stakes interaction.  

 

General discussion 

 In two experiments, we asked if older adults would show a boost in model-based control 

in response to incentives. In experiment 1, we did not find the expected pattern of model-based 

deficits in older adults (Eppinger et al., 2013). We recruited younger and older adults from Amazon 

Mechanical Turk and found that older adults (1) boosted model-based control in response to 

incentives, and (2) did not show model-based deficits. We next hypothesized that older adults on 

MTurk had greater technological and/or cognitive aptitude due to experience with sequential 

decision tasks and/or other cognitive paradigms on the Amazon Mechanical Turk crowdsourcing 

platform.  

Therefore, in experiment 2 we recruited a naïve sample of older adults. Like experiment 

1, we found that older adults did not show model-based deficits, but in contrast to experiment 2, 

they were impaired in boosting model-based control in response to large incentives. The findings 

across both experiments suggest that incentives can boost model-based control in older adults, 

but that this may require previous experience with sequential decision-making paradigms, and in 

particular subjects may need previous experience with the incentive structure in order to learn it 
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adequately. 

Prior research on the effect of incentives on physical activity and cognition in older adults 

has yielded mixed results. For example while some have found incentives increase physical 

activity (Finkelstein, Brown, Brown, & Buchner, 2008), others have found both peer networks and 

incentives do not increase physical activity (Kullgren et al., 2014). Kullgren and colleagues (2014) 

hypothesize their null effect may be due to sample characteristics, such as the older adults in their 

study being highly educated, primarily white, and in good health. Our study may have faced similar 

limitations with differences in the populations. For example, MTurk older adults may be more 

technologically adept, have higher levels of education, or have greater cognitive ability than the 

naïve sample. However, another study demonstrated older adults can increase memory retrieval 

speed in response to incentives (Touron, Swaim, & Hertzog, 2007), suggesting that the effect in 

experiment 1 may not be solely attributable to practice effects or general non-naiveté of cognitive 

tasks.   

There are two findings that suggest the lack of incentive effect in experiment 2 is a specific 

deficit in model-based control. First, older adults did not show model-based deficits overall, which 

indicates that they were engaged with the task and the deficit was specific to incentives. Second, 

model-based control and average reward rate were positively correlated in both younger and older 

adults. Together, these findings suggest that younger and older adults were both motivated and 

engaged with the task, but older adults in experiment 2 expressed deficits in their response to 

incentives.  

 

Limitations 

 Our study was limited in several ways. First, we are unable to fully disentangle factors that 

account for differences in model-based control in older adults between experiment 1 and 

experiment 2. These include general cognitive ability and previous practice with decision-making 

paradigms. Second, we are unable to determine what component of the metacontroller in older 
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adults might be defective. Their inability to boost model-based control in response to incentives 

may be due to a biased cost-benefit analysis and/or a deficit in the model-based controller. Third, 

we are unable to answer if older adults in experiment two would increase model-based control on 

the Kool two-step task following further practice or experience with other cognitive paradigms. 

 

Conclusions 

 We studied the possibility of boosting model-based control in older adults using a 

sequential decision-making task across two experiments. Whereas older adults recruited from 

MTurk increased model-based control in response to incentives, a naïve sample of older adults 

did not. Our study provokes an outstanding question: can we use repeated practice with 

sequential decision tasks to improve goal-directed decision-making in older adults, or are the 

deficits expressed in experiment two trait-like and unchanging? If older adults who show deficits 

in their response to incentives can be trained to increase model-based control, then interventions 

targeting this process may hold promise for increasing cognitive ability or goal-directed decision-

making. For the older adults that responded to incentives, such as the experiment 1 sample, 

providing incentives may be an effective approach to enhance goal-directed behavior. 
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Discussion 

 Dimensional approaches to the study of psychopathology provide a sensitive and powerful 

tool to advance our understanding of psychiatric illness. Moreover, formalizing these dimensions 

with computational modeling provides an objective metric that joins fields such as developmental 

psychology and computational neuroscience. Dimensions can be transdiagnostic psychiatric 

constructs that cut across diagnostic boundaries, computational phenotypes that mathematically 

formalize cognitive processes, and behavioral phenotypes that index a particular trait. The present 

dissertation took a dimensional approach to cognition, psychopathology, and aging. 

 Study 1 looked at the effect of incentives on model-based control across the 

psychopathology spectrum. We found that model-based control could be boosted across a range 

of psychiatric constructs. In fact, this effect was further pronounced in the sensation seeking 

personality trait and an anxious-depression factor where greater severity was associated with 

larger boosts in model-based control. This was coupled with the finding that most symptoms and 

traits of psychopathology were associated with model-based deficits. Using transdiagnostic 

factors that cut across several psychological constructs we were able to increase the specificity 

of associations between psychiatric illness and model-based control. One exciting avenue for this 

research is precision medicine approaches to psychopathology (Fernandes et al., 2017; Friston, 

Redish, & Gordon, 2017), where computational phenotypes such as model-based control could 

be targeted for interventions. We could then see if boosts in model-based control correspond to 

symptom and functional improvement over time for individual people. 

 Study 2 looked at the transdiagnostic expression of mental effort avoidance. While deficits 

in perseverance were associated with greater avoidance of mental effort, several constructs were 

associated with less mental effort avoidance, including positive urgency, distress intolerance, 

obsessive-compulsive symptoms, disordered eating, and a factor consisting of compulsive 

behavior and intrusive thoughts. This suggests effort disruptions are not simply a feature of 

categorical diagnoses (e.g., depression, schizophrenia), but may be tied to transdiagnostic 
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psychiatric dimensions. As noted by others (Shenhav et al., 2017), mental effort is likely 

comprised of a set of processes that mediate between the demands of a particular task and the 

observable behavior. Therefore, computational modeling of mental effort (Pessiglione et al., 

2017), may provide a promising next step to understand the mechanisms underlying effort 

disruption. By combining cognitive and psychiatric dimensions, future work will be able to uncover 

a more nuanced view of effort disruption that departs from traditional conceptualizations 

suggesting categorical diagnoses are only associated with reduced effort.  

 Study 3 looked at the effect of incentives on model-based control in younger and older 

adults. In the first experiment, we found that older adults boosted model-based control in the same 

way as younger adults. This was contrary to our expectations, and we hypothesized this might be 

due to the fact that older adults on MTurk have more experience with cognitive tasks (Chandler 

& Shapiro, 2016). Like experiment one, older adults in the second experiment did not have the 

model-based deficits previously demonstrated (Eppinger et al., 2013). However, in contrast to 

experiment one, they also did not boost model-based control in response to incentives. Together 

these two experiments suggest that older adults in experiment 2 were more naïve. Future work 

will want to establish if older adults in the second experiment would boost model-based control 

with more practice, and if this corresponds to functional outcomes in everyday life. If so, this 

suggests that targeting model-based control in older adults may further enhance flexible decision-

making during late stage development. 

 

Implications 

 Together, these three studies highlighted the benefits of dimensional approaches to 

psychological research. We were not restricted to a single diagnosis, or psychological concept. 

Instead, we used several dimensional methods that allowed us to examine phenomena across 

diverse domains of psychopathology and late stage development. This suggests that future work 

could integrate findings from seemingly disparate fields and phenomena to better inform theory 
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and study design. This also suggests that training in computational modeling will allow future 

researchers to ask interdisciplinary questions with validated and objective methods. 

 

Limitations and future directions 

 Together these studies have several limitations worth noting. For example, metacontrol 

and model-based control represent varying levels of abstraction with many different components, 

and we could not pinpoint the exact “location” of the dysfunction in study 1 and study 3. However, 

clinical research has already begun to benefit from computational models by tying alcohol 

dysfunction onto brain signatures of the model-based controller (Sebold et al., 2017). Turning to 

study 1, the findings require validation in clinician-diagnosed and non-online samples. Though we 

provided evidence of psychiatric histories and diagnoses, it is possible the MTurk population is 

not representative of the general population. This would be a problem of generalizability.  

 Strikingly, there was overlap with similar constructs across the deficits in study 1 and study 

2. There could be several possibilities to account for this. These scales may be capturing a 

general underlying psychopathology factor (Caspi & Moffitt, 2018), and/or they could represent 

greater levels of severity generally associated with decision-making deficits across several 

different domains. One future direction could be tying the association between model-based 

control and these symptoms and traits to indices of life function. This could indicate these scales 

may be useful self-report clinical probes that reflect functioning across ecologically valid 

dimensions.  

 Many mediating factors could account for the different pattern of results in the two 

experiments contained in study 3. A hopeful view is that older adults on MTurk (experiment one) 

improved cognitive functioning through experience with cognitive tasks from our lab and others, 

though it is possible these are simple practice effects rather than improvements in cognitive 

aptitude. In addition, the MTurk sample may result from a self-selection bias of older adults who 

are more technologically-savvy or cognitively adept. Though this could be unlikely because 
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samples from both experiments came from online sources. Finally, many of the studies on MTurk 

are completed by a small subset of the MTurk population. The perseverance required to complete 

several hundred online tasks may correspond to increased model-based control. One benefit 

across all these possibilities is that the computational dimension of inquiry (i.e., model-based 

control) in future work will not change, allowing for ongoing objectivity and consistency in the 

scientific tool.  

 The use of computational phenotypes has yet to be validated clinically (Huys, Maia, & 

Frank, 2016; Paulus, Huys, & Maia, 2016). This work will require large scale data collection and 

compositional modeling that concurrently models behavior from multiple cognitive neuroscience 

tasks to derive hyper-parameters that further specify cognitive function. Meanwhile, the 

phenotypes must be valid and reliable probes that also predict prognosis. This type of translational 

clinical research has been undertaken by the CNTRACS consortium (Gold, 2012; Gold et al., 

2012), and coupling computational neuroscience with fields in personality, development, and 

psychopathology will require multisite collaboration and adequate funding.  

 

Conclusion 

 The present research used computational and behavioral phenotypes to probe 

dysfunction in psychiatric illness and aging. Results suggest that computational modeling and 

cognitive neuroscience tasks can be used to ask questions about a diverse range of psychological 

phenomena. Future research should consider longitudinal studies that examine the relationship 

between these phenotypes and development and/or psychopathology. This could provide 

intervention targets that represent biologically valid conceptualizations of mental illness.   
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 Incentives Boost Model-based Control Across a Range of Severity on 
Several Psychiatric Constructs 

 
Supplemental Information 

 

Participants 

Participants agreed to participate in a two-day study and were excluded from the second day for 

random responses or demonstrated non-adherence. They were 77.9% White/Caucasian, 6.1% 

Asian or Asian American, 0.5% Native American or Other, 9.4% African American or Black, and 

6.1% Hispanic or Latino. Household income was 16.6% less than $20,000, 30.1% $20,000-

$40,000, 23.6% $40,000-$60,000, 15.3% $60,000-$80,000, and 14.4% greater than $80,000. It 

has been shown that asking a commitment question can improve participant honesty (1), 

therefore we asked participants “It is important to us that you answer questions honestly. Will you 

answer the questions honestly?”.  

On day one, participants completed a progressive-adaptive version of Raven’s 

progressive matrices IQ test (2), the novel two-step paradigm, and 9 clinical scales in randomized 

order. On day two, participants completed an additional behavioral task and 10 additional clinical 

scales in randomized order. The adaptive IQ test is comprised of five questions, progressing 

easier with incorrect responses. Therefore, decreasing IQ indicates random responding or non-

adherence and these participants were excluded from analyses (N = 67). Participants were 

excluded for repeating the study or timing out on > 20% of task trials (N = 30). Lastly, subjects 

were excluded for non-estimable parameters in the computational model (N = 2) and drug or 

alcohol intoxication at the time of study completion (N = 3).  The final sample varied slightly in 

size due to missing observations between N = 810 to N = 839. 

Gaussian Random Walk 

One alien planet reward distribution was initialized randomly between 0 and 4 points and the other 

between 5 and 9 points. The reward distributions for both planets drifted between 0 and 9 
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according to a Gaussian random walk with a standard deviation of 2. Each participant received a 

new randomly generated reward distribution.    

 
Computational Model 
 
We modeled the two-step task using a reinforcement learning model that captures the mixture of 

model-based and model-free control exhibited by humans (3–5). The model free algorithm is 

SARSA(𝜆) (6), which updates the state-action pair (s,a) at step i and trial t in the following manner: 

 

𝑄𝑀𝐹(𝑠, 𝑎)  ←  𝑄𝑀𝐹(𝑠, 𝑎) + 𝛼𝛿𝑖,𝑡𝑒𝑖,𝑡(𝑠, 𝑎) 
 

where the prediction error is defined as: 

 

𝛿𝑖,𝑡 = 𝑟𝑖,𝑡 + 𝑄𝑀𝐹(𝑠𝑖+1,𝑡, 𝑎𝑖+1,𝑡) − 𝑄𝑀𝐹(𝑠𝑖,𝑡, 𝑎𝑖,𝑡). 
 

The learning rate D captures the rate at which an individual incorporates reward feedback (i.e. 

low D leads to slow incorporation and high D leads to quick incorporation) and 𝑒𝑖,𝑡(𝑠, 𝑎) is an 

eligibility trace updated in the following way: 

 

𝑒𝑖,𝑡(𝑠, 𝑎)  ←  𝑒𝑖−1,𝑡(𝑠𝑖,𝑡, 𝑎𝑖,𝑡) + 1. 
 

The eligibility trace allows step 1 values to be partially updated following step 2 outcomes.  Note 

that we could substitute this point estimation scheme with a Bayesian updating scheme, such as 

the hierarchical Gaussian filter (7) or a Kalman filter (8), though this would not affect the 

conclusions of our paper and therefore we opted for the simpler point estimation scheme. 
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The model-based strategy uses a learned transition function to compute values, rather 

than retrieving them from a cache: 

 

𝑄𝑀𝐵(𝑠𝐴, 𝑎𝑗) = 𝑃(𝑠𝐵|𝑎𝑗) 𝑄𝑀𝐹 (𝑠𝐵) + 𝑃(𝑠𝐶|𝑎𝑗) 𝑄𝑀𝐹(𝑠𝐶)  
 

where 𝑃(𝑠𝐵|𝑎𝑗) is the probability of transitioning to state SB  after choosing action aj, and 𝑄𝑀𝐹 (𝑠𝐵) 

and 𝑄𝑀𝐹(𝑠𝐶) are the immediate reward estimates at the second-step states (note that these are 

not dependent on actions since there is no second-step action. 

The mixture of model-free and model-based control is governed by a weighting parameter 

w: 

 

𝑄𝑛𝑒𝑡(𝑠𝐴, 𝑎𝑗) = 𝑤𝑄𝑀𝐵(𝑠𝐴, 𝑎𝑗) + (1 − 𝑤)𝑄𝑀𝐹(𝑠𝐴, 𝑎𝑗) 
 
 
Importantly, w was fit independently for the low stakes and high stakes conditions to allow for 

comparison of model-based control across stakes. Kool and colleagues (3) compared various 

model formulations of the novel two-step and found that the current model outperformed other 

approaches which allowed other parameters to vary (e.g., choice inverse temperature). They 

showed that the change in model-based control due to stakes cannot be completely explained by 

other model parameters. 

Finally, the probability of choosing action a given state s on a trial is an adapted form of 

Luce’s choice rule: 

 

𝑃(𝑠𝑖,𝑡) = 𝑒𝑥𝑝 (𝛽[𝑄𝑛𝑒𝑡(𝑠𝑖,𝑡,𝑎)+𝜋∙𝑟𝑒𝑝(𝑎)+𝜌∙𝑟𝑒𝑠𝑝(𝑎)])
∑ 𝑒𝑥𝑝𝑎′  (𝛽[𝑄𝑛𝑒𝑡(𝑠𝑖,𝑡,𝑎′)+𝜋∙𝑟𝑒𝑝(𝑎′)+𝜌∙𝑟𝑒𝑠𝑝(𝑎′)])

, 
 

where we have included two parameters to capture additional variance: motor stickiness S and 

stimulus stickiness U (choosing the same stimulus twice independent of its value). E represents 
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the inverse temperature parameter that controls choice stochasticity, with lower values promoting 

exploration and higher values promoting exploitation. Parameters were optimized using maximum 

a posteriori estimation with empirical priors (3, 9). See Kool et al. (2017) for additional details 

concerning task design and computational model-fitting. 
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Supplementary Figure S1: Relationship between self-report measures and model-based 

control; regression lines with credible intervals. Marginal histograms show distribution of data. 

Self-report measure observed min and max on x-axis. 
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Supplementary Figure S2: Relationship between factors and model-based control; regression 

lines with credible intervals. Marginal histograms show distribution of data. Self-report measure 

observed min and max on x-axis. 
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Supplementary Figure S3: Correlation matrix of all constructs. 
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Supplementary Figure S4: Coefficient plots with credible intervals containing 95% of the 

posterior probability density around the mean. A. Each self-report measure entered into a 

separate regression covarying age, IQ, and gender (Figure 3A main text). B. All self-report 

measures entered simultaneously into a single regression. 
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Supplementary Figure S5: Coefficient plots with credible intervals containing 95% of the 

posterior probability density around the mean. A. Each self-report measure entered into a 

separate regression covarying age, IQ, and gender (Figure 3A main text). B. Added inverse 

temperature as a covariate to regression model for each self-report measure. 
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Supplementary Figure S6: Coefficient plots with credible intervals containing 95% of the 

posterior probability density around the mean. A. All factors entered into a single regression 

covarying age, IQ, and gender (Figure 3A main text). B. Added inverse temperature as a covariate 

to regression model. 
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Supplementary Table S1. Exact language from the cited source articles, and abbreviated 
definitions were used for the construct description. Factor loadings from the Gillan et al., 2016 
supplement were used to generate factor scores. Note, Gillan and colleagues reversed scored 
Alcohol Use items: 2, 3, and 8; however, these are not reverse scored on the original measure or 
for our analyses. 

  
Brief descriptions of constructs 

Construct Description 

Obsessive-Compulsivea OCD symptoms (checking, washing, obsessing, mental neutralizing 
ordering, hoarding, doubting) (10) 

Distress Intolerance Capacity to withstand and experience negative psychological states 
(11) 

Positive Urgency Tendency to act rashly or maladaptively in response to positive mood 
states (12) 

Negative Urgency Strong immediate need to avoid negative emotions or physical 
sensations (13) 

Anxiety Sensitivity Tendency to respond fearfully to physiological cues of anxiety (e.g. 
increased heart rate) (14) 

Depressiona Affective (e.g. sad), physiological (e.g. sleep disturbance), and 
psychological (e.g. hopeless) symptoms (15) 

Uncertainty Intolerance Tendency to consider possibility of negative event unacceptable, 
regardless of likelihood (16) 

Emotion Dysregulation Lack of emotional arousal, awareness, understanding, acceptance, and 
perseverance when emotional (17) 

Apathya Lack of motivation not due to diminished consciousness, cognitive 
impairment, or emotional distress (18) 

Disordered Eatinga Dieting, bulimia and food preoccupation, and oral control (19) 

Perseverance (lack of) Difficulty maintaining attention and vulnerability to intrusive and 
interfering information (13) 

Barratt Impulsivenessa Dimensions of impulsivity (attentional, motor, non-planning 
impulsiveness) (20) 

Schizotypya Unusual experiences, cognitive disorganization, introvertive anhedonia, 
and impulsive non-conformity (21) 

Premeditation (lack of) Difficulty considering the long-term consequences of actions (13) 

Trait Anxietya Stable tendency to experience and attend to negative emotions (22) 

Rumination Thinking repetitively and passively about negative emotions, with a 
focus on distress (23) 

Alcohol Usea Hazardous and harmful alcohol consumption, drinking behavior, and 
alcohol related problems (24) 

Sensation Seeking Willingness to take risks (financial, legal, physical) for novel-intense 
experiences (13) 

Social Anxietya Anxiety and avoidance of social situations likely to induce fear of 
evaluation (25) 

 a. scale included in Gillan et al. (2016) 
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Supplementary Table S2. Means and standard deviations all self-report measures. 

  Construct Mean (SD) 
Alcohol Use 4.03  (4.7)  
Anxiety Sensitivity 17.26  (13.57)  
Apathy 32.56  (9.93)  
Barratt Impulsiveness 57.05  (12.36)  
Depression 37.49  (10.48)  
Disordered Eating 56.61  (17.8)  
Distress Intolerance 39.32  (15.79)  
Emotion Dysregulation 86.6  (17.45)  
Negative Urgency 23.98  (7.88)  
Obsessive Compulsive 9.96  (10.81)  
Perseverance (lack of) 18.22  (5.81)  
Positive Urgency 22.52  (8.73)  
Premeditation (lack of) 18.85  (5.42)  
Rumination 42.75  (13.73)  
Schizotypy 12.55  (5.98)  
Sensation Seeking 27.78  (8.56)  
Social Anxiety 43.97  (16.59)  
Trait Anxiety 39.36  (14.54)  
Uncertainty Intolerance 63.74  (23.66)  
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Supplemental table 1. Posterior probabilities of 
relationship between self-report measures and demand 
avoidance (excluding < 90% accuracy; N = 723) 
Construct Neg (< 0) Pos (> 0) 
Perseverance (lack of) 1.8% 98.2% 
Anxiety Sensitivity 24.7% 75.4% 
Rumination 27.0% 73.1% 
Apathy 33.9% 66.1% 
Premeditation (lack of) 39.1% 61.0% 
Barratt Impulsiveness 41.0% 59.0% 
Trait Anxiety 48.6% 51.5% 
Social Anxiety 52.5% 47.5% 
Sensation Seeking 53.3% 46.7% 
Schizotypy 54.6% 45.5% 
Negative Urgency 64.0% 36.0% 
Uncertainty Intolerance 66.3% 33.7% 
Alcohol Use 74.9% 25.1% 
Emotion Dysregulation 76.9% 23.1% 
Depression 76.9% 23.2% 
Disordered Eating 81.6% 18.4% 
Positive Urgency 93.1% 7.0% 
Distress Intolerance 94.5% 5.5% 
Obsessive-Compulsive 97.4% 2.7% 

 

Supplemental table 1. Participants with less than 90% accuracy were excluded. Table showing 

the posterior probability density over β (the coefficient relating self-report measure severity to 

low demand choices) that each self-report measure is associated with decreases (i.e., negative 

<0; more mental effort) or increases (i.e. positive > 0; less mental effort) in demand avoidance. 
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The more the posterior probability density is <0 or >0 , the higher the probability that there is a 

relationship between the measure and the expression of mental effort. 

  



 

 144 

 
Supplemental table 2. Posterior probabilities of relationship between 
psychiatric factors and demand avoidance (excluding < 90% 
accuracy; N = 723) 
Construct Neg (< 0) Pos (> 0) 
Anxious-depression 20.5% 79.5% 
Compulsive Behavior & Intrusive Thought 99.5% 0.5% 
Social Withdrawal 23.4% 76.6% 

 

Supplemental table 2. Participants with less than 90% accuracy were excluded. Table showing 

the posterior probability density over β (the coefficient relating transdiagnostic factor severity to 

low demand choices) that each factor is associated with decreases (i.e., negative <0; more 

mental effort) or increases (i.e. positive > 0; less mental effort) in demand avoidance. The more 

the posterior probability density is <0 or >0 , the higher the probability that there is a relationship 

between the factor and the expression of mental effort. 
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Supplemental figure 1. Participants with less than 90% accuracy were excluded. Coefficient plot 

where the beta indicates the estimated slope of the line relating severity of the self-report 

measures and proportion of low demand choices while controlling for age, IQ, and gender. 

Credible intervals are displayed containing 95% of the posterior probability density around the 

mean, organized according to ascending coefficient mean. Negative beta intervals are evidence 

for less demand avoidance (more mental effort) and positive beta intervals are evidence for 

more demand avoidance (less mental effort). 
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Supplemental figure 2. Participants with less than 90% accuracy were excluded. Coefficient plot 

where the beta indicates the estimated slope of the line relating severity of the transdiagnostic 

psychiatric factors and proportion of low demand choices while controlling for age, IQ, and 

gender. Credible intervals are displayed containing 95% of the posterior probability density 

around the mean. Negative beta intervals are evidence for less demand avoidance (more 

mental effort) and positive beta intervals are evidence for more demand avoidance (less mental 

effort). Factors derived from nine of the self-report measures indicated in table 1.  
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