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Abstract 

 Cognitive deficits are well-established in psychosis-spectrum disorders and are 

highly related to functional outcomes for those individuals. Therefore, it is imperative to 

measure cognition in reliable and replicable ways, particularly when assessing for change 

over time. Notably, despite revolutionizing our measurement of specific cognitive 

abilities, parameters from computational models are rarely psychometrically assessed. 

Cognitive tests often include vast numbers of trials in order to increase psychometric 

properties, however long tests cause undue stress on the participant, limit the amount of 

data that can be collected in a study, and may even result in a less accurate measurement 

of the domain of interest. Thus, balancing psychometrics with efficiency can lead to 

better assessments of cognition in psychosis. The goal of this dissertation is to establish 

the psychometric properties and replicability of reinforcement learning and working 

memory tasks and determine the extent to which they could be made more efficient 

without sacrificing the psychometric integrity. The results provide support that these tests 

of reinforcement learning are appropriate for use in studies with only one time point but 

may not currently be appropriate for retest studies due to the inherent learning that occurs 

during the first time performing the task. The working memory tasks are ready for use in 

intervention studies, with the computational parameters of working memory appearing 

slightly less reliable than observed measures, but potentially more sensitive to detecting 

group differences. Lastly, these reinforcement learning and working memory tasks can be 

made 25%-50% more efficient without sacrificing reliability and optimized by focusing 

on items yielding the most information. Altogether, this dissertation provides guidance 
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for using reinforcement learning and working memory tests in studies of cognition in 

psychosis in the most appropriate, efficient, and effective ways. 
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Chapter 1: General Introduction 

Psychosis is a syndrome—characterized at its core by hallucinations, delusions, or 

disorganized thinking—seen in schizophrenia, various affective disorders, dementia, and 

other related diagnoses (American Psychiatric Association, 2013; Gaebel & Zielasek, 

2015). While medications are sometimes able to treat these core symptoms, known as 

positive symptoms, people with psychotic disorders are frequently left with severe 

cognitive deficits and negative symptoms that are resistant to treatment and possibly 

predate illness onset altogether (Aleman et al., 2017; Tandon, 2011). These cognitive 

deficits and symptoms are the strongest predictors of an individual’s functional outcomes, 

which are largely impaired in these populations; employment rates, years of education, 

social circles, romantic partners, etc. are all reduced compared to the general population 

(Bechi et al., 2017; Cotter et al., 2014; Sheffield et al., 2014). The symptoms and deficits 

of psychosis alone are often extremely burdensome for individuals who carry a psychosis 

spectrum diagnosis. Additionally, due to the chronicity of cognitive deficits, negative 

symptoms, and functional impairments, some individuals have additional burden, such as 

the need to remain in lifelong treatment (Glick et al., 2017) and participate in timely and 

tiresome research with the hope of assisting in finding a new, effective treatment for their 

ailments (Dunn & Gordon, 2005). Creating more efficient and tolerable assessment and 

research protocols is a step towards reducing additional burden for afflicted individuals. 

 

 When the Measurement and Treatment Research to Improve Cognition in 

Schizophrenia (MATRICS) initiative met for their first consensus conference in 2003, 

they defined criteria that are important in the selection of cognitive tests (Michael F. 

https://paperpile.com/c/W98oZu/uiZMZ+UECfb
https://paperpile.com/c/W98oZu/uiZMZ+UECfb
https://paperpile.com/c/W98oZu/MU9kQ+Qtf2w
https://paperpile.com/c/W98oZu/zrJFg+RCrWt+0ScuT
https://paperpile.com/c/W98oZu/nLkZb
https://paperpile.com/c/W98oZu/5mVmG
https://paperpile.com/c/W98oZu/OfKkT
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Green et al., 2004). These criteria include 1) test–retest reliability, 2) high utility as a 

repeated measure, 3) relationship to functional outcome, 4) potential changeability in 

response to pharmacologic agents, and 5) tolerability and practicality. Tolerability and 

practicality were included as test selection criteria because long and complicated testing 

procedures lead to a higher likelihood of participants dropping out of studies. However, 

longer tests tend to lead to more reliable measurements that are more reflective of true 

abilities (Michael F. Green et al., 2004). The balance of these seemingly conflicting 

criteria creates a necessity to prioritize the most efficient methods of measuring 

cognition. 

 

1.1 Psychometric Integrity 

1.1.1 Reliability  

 MATRICS identified test-retest reliability as a test selection criteria because it is 

critical for detecting change due to treatment and high test-retest reliability allows 

changes to be detected with smaller samples (Michael F. Green et al., 2004; Kraemer, 

1991). In addition, high internal consistency also speaks to the unidimensionality of the 

test. 

 

1.1.2 Utility as a Repeated Measure 

Utility as a repeated measure was identified because test-retest reliability is not 

sufficient to guarantee that change can accurately be detected (Michael F. Green et al., 

2004). Ideally, cognitive measures would not improve with practice and true ability 

would be captured at each timepoint. This is often not possible, so minimally, practice 

https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/OfKkT+qACtY
https://paperpile.com/c/W98oZu/OfKkT+qACtY
https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/OfKkT
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effects should be able to be characterized and would not be stunted by ceiling effects at 

repeated testing, which would reduce the variance and shadow any treatment effects. 

 

1.1.3 Replicability 

 Though not identified as a test selection criteria, the ability to replicate results is 

incredibly important in the age of the replication crisis (Tackett et al., 2017, 2019). 

Historically speaking, psychology has had difficulty discovering major findings that can 

be replicated. In part this is due to the measures chosen. The need to establish the ability 

of a task to find replicable results before being introduced into intervention studies will 

be imperative to creating more accurate and repeatable findings. 

 

1.2 Participant Burden 

          Participating in research studies can be tiresome, frustrating, stressful, and 

difficult. It can generally be expected that participants with psychosis would experience 

the same or exacerbated reactions due to symptoms, deficits, and decreased stress 

tolerance (Miret et al., 2016). In the following section, I discuss the experience of 

participation in research from a participant’s point of view, using subjective and objective 

measurements, and the different factors that can affect their experience. This experience 

includes tolerability, cognitive fatigue, feelings of fatigue, stress, and symptom 

exacerbation. As some areas are limited in research with respect to psychosis, the 

experience from a healthy individual will be referenced and integrated. This section also 

explores the neural correlates to some of these topics, as understanding how the brain is 

affected by these factors can change the interpretation of results. 

https://paperpile.com/c/W98oZu/8PofX+eajqV
https://paperpile.com/c/W98oZu/Xpepa
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1.2.1 Tolerability 

           Tolerability is the experience of a treatment, test, or protocol from a participant’s 

point of view (Michael F. Green et al., 2004). Often, tolerability in psychosis research 

refers to the ability to withstand a medication or other treatment and the side effects of 

those treatments. More recently researchers have extended the definition of tolerability to 

reflect the length, difficulty, repetitiveness, and any other features of a test or paradigm 

that might make it less pleasant for the participant (Carter et al., 2012; Michael F. Green 

et al., 2004). Tolerability is more often being identified as an important feature of an 

assessment or paradigm for inclusion in a study involving people with psychosis 

(Michael F. Green et al., 2004; Kern et al., 2013; Ludwig et al., 2017; Reddy et al., 

2015). Despite this recognition, examination of the tolerability of individual paradigms 

and how to assess for it is limited. 

 

           A 7-point Likert scale asking participants to indicate how 1, “extremely 

unpleasant,” to 7, “extremely pleasant” a paradigm is in tandem with administration time 

are the most common metrics for assessing tolerability. Kern et al. (2013) assessed four 

social neuroscience paradigms for their appropriateness in clinical studies of psychosis, 

using this scale and administration time to assess tolerability. All the paradigms in this 

study were interpreted as well tolerated (mean ratings around 5; Kern et al. 2013). When 

comparing eight social cognition paradigms, all of them were similarly deemed tolerable 

as mean ratings of pleasantness fell in the 4’s and 5’s and measures required < 8 minutes 

to administer (Ludwig et al., 2017). Reddy et al. (2015) assessed the tolerability of five 

https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/OfKkT+B15AG
https://paperpile.com/c/W98oZu/OfKkT+B15AG
https://paperpile.com/c/W98oZu/OfKkT+uWQAg+xC8PP+sAx33
https://paperpile.com/c/W98oZu/OfKkT+uWQAg+xC8PP+sAx33
https://paperpile.com/c/W98oZu/xC8PP
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effort-based decision-making tasks, and they also included task earnings in dollars as part 

of their determination of tolerability. These authors also deemed all five paradigms to be 

appropriately tolerable based on ratings in the 4’s and 5’s (Reddy et al., 2015). 

Nuechterlein et al. (2008) also interpreted all candidate paradigms for a 

neuropsychological battery (which were selected, in part, for their tolerability) as 

tolerable, mean ratings for all 20 candidate tests ranging from 3’s to 5’s. Ultimately, all 

four of these studies had to turn to other metrics to determine the most appropriate 

paradigm for assessing the cognitive domain in question (Kern et al., 2013; Ludwig et al., 

2017; Nuechterlein et al., 2008; Reddy et al., 2015), indicating that a simple 7-point 

Likert scale may not be a sensitive measure of tolerability. At most, this scale may be 

flawed by order effects and relative ratings based on study experience. Providing 

participants with anchors may increase the generalizability of the ratings, but this would 

still be a crude measurement. 

 

           Other metrics of tolerability have been explored, as well. When introducing a new 

measure of negative symptoms, the Motor-Affective-Social Scale (MASS), the authors 

determined that it was a tolerable assessment based on the administration time (10 

minutes) and that participants “showed good interest” in it, reported that it was easy, and 

none refused to be re-interviewed with the assessment (Trémeau et al., 2008). Another 

study considered attrition/dropout and reports of negative experience and excessive stress 

were considered metrics of intolerability along with simulator sickness in a virtual reality 

study of social stress (Hesse et al., 2017). These authors did find more dropouts and 

people who experienced simulator sickness in people with psychosis than healthy 

https://paperpile.com/c/W98oZu/sAx33
https://paperpile.com/c/W98oZu/uWQAg+xC8PP+BqmEg+sAx33
https://paperpile.com/c/W98oZu/uWQAg+xC8PP+BqmEg+sAx33
https://paperpile.com/c/W98oZu/vlZhX
https://paperpile.com/c/W98oZu/gz2Lj
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controls; some people with psychosis even experienced an exacerbation of symptoms 

(Hesse et al., 2017). 

 

           While tolerability is increasingly becoming acknowledged as an important factor 

for choosing paradigms for study appropriateness, there are no clear defining features of 

what it is or standardized ways to assess for it. Length of assessment appears to be taken 

into universal account as a measure of tolerability. Aside from that, the most common 

measurement is a 7-point Likert scale of how pleasant the paradigm was, which is 

quantifiable, but crude, and it does not necessarily account for all aspects of tolerability. 

Further, there was vast variability in the ratings within each task (standard deviations of 

1.22-2.0), but little variation (range 3.7-5.5, difference 1.8) in the mean rating across 

paradigms and studies (Kern et al., 2013; Ludwig et al., 2017; Nuechterlein et al., 2008; 

Reddy et al., 2015). Other studies used self-reports and observation of symptom 

exacerbation, stress, enjoyability, and attrition to assess tolerability, which are more 

exhaustive measurements, but mostly qualitative. Even when more quantified ways of 

evaluating tolerability are used, there is no predetermined value of what ‘acceptable 

tolerability’ level is, and tolerability remains an arbitrary judgment at the hands of the 

researchers. 

 

1.2.2 Cognitive Fatigue: Fatigue, Vigilance, and Resource Depletion 

           Another factor researchers may consider regarding participant burden is cognitive 

fatigue. While cognitive fatigue is a common construct of interest in psychosis, it is an 

unnecessary burden to individuals when it is not the construct of interest in the research. 

https://paperpile.com/c/W98oZu/gz2Lj
https://paperpile.com/c/W98oZu/uWQAg+xC8PP+BqmEg+sAx33
https://paperpile.com/c/W98oZu/uWQAg+xC8PP+BqmEg+sAx33
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There are three, mostly separate, sets of literature that overlap fundamentally in 

constructs that I will synthesize in this section: cognitive fatigue, vigilance, and resource 

depletion. 

  

Vigilance and Cognitive Fatigue 

           World War II presented a need for assessing the ability of individuals to be 

psychologically ready to perceive and respond so that they could be placed in military 

jobs such as air and submarine radar/sonar operators (Mackworth, 1948). Mackworth’s 

Clock Test was born to fill the need for measuring such psychological readiness, referred 

to here as vigilance; in this test, participants watched a board with a hand (similar to a 

clock) tick for 30 minutes to two hours at a time and were instructed to press a button 

when the hand skipped and traveled twice the typical distance of a single tick 

(Mackworth, 1948).  Mackworth (1948) found that there was a marked decline in 

performance from the first half-hour to the second half-hour (~15%), with a more gradual 

decline (1-2.5% per 30 min) continuing after that time, but that just a half-hour of rest can 

restore initial performance. Mackworth’s seminal work led to further research on 

vigilance, now defined as one’s ability to sustain attention over prolonged periods of 

time. 

 

           Due to Mackworth’s work, vigilance gained much attention in the mid-1960s to 

1970s, and the term has been used exponentially more frequently since that time (J. S. 

Warm et al., 2008; pubmed.gov search for “vigilance”). Finding its way into the fields of 

both experimental psychology and human factors has led to many different prolonged, 

https://paperpile.com/c/W98oZu/Q8yLu
https://paperpile.com/c/W98oZu/Q8yLu
https://paperpile.com/c/W98oZu/HbjXc
https://paperpile.com/c/W98oZu/HbjXc
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repetitive, and monotonous paradigms that span sensory modalities saturating the 

vigilance literature (J. S. Warm et al., 2008). Despite the vast number of different 

paradigms, a consensus from this literature—irrespective of methodology and 

population—is the existence of the vigilance decrement. The vigilance decrement is the 

phenomenon that performance decreases (seen as a reduction in target detection) with 

time on task, appearing within the first 15 minutes (Mehta & Parasuraman, 2013; J. S. 

Warm et al., 2008). 

 

Although seemingly related (if not identical) constructs, the literature on vigilance 

remains rather separate from the literature on cognitive fatigue. Cognitive fatigue is the 

decrement in an individual’s ability to complete cognitive tasks to the best of their ability 

while or after taking part in prolonged, challenging, or sustained cognitive work that tax 

mental resources (Ackerman & Kanfer, 2009; Holtzer et al., 2011; Mullette-Gillman et 

al., 2015). Generally, cognitive fatigue is operationalized as increased error rates and 

slower reaction times (RTs) on tasks. While this phenomenon is most commonly studied 

in neurological disorders, such as Multiple Sclerosis (Chaudhuri & Behan, 2004), the 

terminology is also seen in other disorders and healthy individuals. For healthy 

individuals, the literature on cognitive fatigue is not as unanimous as it is for vigilance. 

 

Many studies do report a decline in performance due to cognitive fatigue, even 

using vastly different methodology. Utilizing the entire registry of computer adaptive 

standardized tests of school children in Denmark from two separate school years (~2 

million tests), it was determined that test performance significantly decreased as the 

https://paperpile.com/c/W98oZu/HbjXc
https://paperpile.com/c/W98oZu/R1YCs+HbjXc
https://paperpile.com/c/W98oZu/R1YCs+HbjXc
https://paperpile.com/c/W98oZu/slK8s+jkTAQ+1JbY8
https://paperpile.com/c/W98oZu/slK8s+jkTAQ+1JbY8
https://paperpile.com/c/W98oZu/Hziuv
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school day went on, but that breaks recharged students even more than the decline 

(Sievertsen et al., 2016). Similarly, while performing an 8-hour laboratory pipetting 

study, errors increased throughout the day with a return near baseline after breaks (Yung 

et al., 2017). While participating in a Stroop task for 3 hours, error rate and reaction time 

both increased with testing time, but it was ultimately variability over time that provided 

the most evidence of cognitive fatigue (C. Wang et al., 2014). Moral reasoning also 

appears to be impaired for individuals who are cognitively fatigued, as they hyperfocus 

on moral violations as not being permissible, even when it is for the greater good (i.e., the 

trolley problem; Timmons & Byrne, 2018). 

 

However, other studies report an increase in performance in potentially fatiguing 

situations. In a large group of first-year university students who each took 3 versions of 

an SAT test (3.5 hr., 4.5 hr., 5.5 hr.), it was discovered that performance significantly 

increased by about 14 points (out of 1600) per hour added to test time; they further found 

no difference in performance during the last 50 minutes in testing for any time length 

(Ackerman & Kanfer, 2009). Similarly, another study found that longer biology exams 

lead to higher scores and that the better performance was seen even on shared items 

between the short and long test (Jensen et al., 2013). 

 

Many factors can affect why objective measurements of cognitive fatigue show 

varied results across studies. In part, the discrepancies may be due to methodology and 

operational definitions of cognitive fatigue. Differences occurred in what is considered a 

‘fatiguing’ task, difficulty and time spent on a task, and sensitivity of a task to detect 

https://paperpile.com/c/W98oZu/TlbfN
https://paperpile.com/c/W98oZu/grhi9
https://paperpile.com/c/W98oZu/grhi9
https://paperpile.com/c/W98oZu/AuHoR
https://paperpile.com/c/W98oZu/kiFZh
https://paperpile.com/c/W98oZu/slK8s
https://paperpile.com/c/W98oZu/P2Bqz
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performance decline. Further, a more consistent and thorough assessment of fatigue may 

be needed; though many studies observed performance decline in increased error rates 

and RTs, others detected fatigue in more nuanced ways such as instability, variability, 

and inflexibility. 

 

Both vigilance and cognitive fatigue refer to the decline in performance during 

prolonged tasks, generally measured by a decrease in hit rate/increase in error rate as well 

as an increase in reaction time. The vigilance literature chiefly refers to repetitive and 

monotonous tasks, such as continuous performance tasks. Laboratory studies of deficits 

in vigilance across many mental health diagnoses hold a significant portion of the work 

on vigilance (Riccio et al., 2002), but the vigilance decrement in healthy individuals is 

another salient area of vigilance study, particularly in the wake of automaticity (Hancock, 

2017). Cognitive fatigue research, on the other hand, frequently does use vigilance 

paradigms, but is much broader and includes long tasks that are not necessarily repetitive 

to simulate other real-world scenarios such as test taking (Sievertsen et al., 2016). The 

heterogeneity of methodology in cognitive fatigue compared to vigilance is likely to be 

the reason there is more consensus in the vigilance literature. Further, the vigilance 

research seemingly considers this construct as a cognitive ability or trait, whereas the 

cognitive fatigue camp considers it to be a state that is induced even though they are 

operationally, and theoretically, defined almost identically. 

  

 

 

https://paperpile.com/c/W98oZu/NzsiG
https://paperpile.com/c/W98oZu/FJkjo
https://paperpile.com/c/W98oZu/FJkjo
https://paperpile.com/c/W98oZu/TlbfN
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Resource Depletion and Cognitive Fatigue 

Another similar construct to a vigilance decrement and cognitive fatigue is 

resource depletion, or the idea that a mental resource can be temporarily drained while 

exerting oneself in one activity and the effects can be seen on a subsequent activity (Yost, 

2016). This research is centered on the idea of self-control, and began when Muraven et 

al., 1998 had participants exert themselves during an emotional regulation paradigm 

(instructed to either suppress their emotions or not) and found reductions in performance 

on a subsequent handgrip task for participants who were instructed to control their 

emotion. Similar depletion has also been seen when participants are instructed to exercise 

self-control in other affective, as well as cognitive and social, paradigms (Yost, 2016). 

There is, however, uncertainty in the effect sizes of these depletions, as there have been 

many failed replications of studies in this field (Yost, 2016). 

 

Again, a similar construct can be observed in the cognitive fatigue literature, 

typically without mention of this idea of resource depletion. For example, fatiguing 

individuals by having them complete Sudoku grids (matched to their ability) intertwined 

with a working memory task in a block design, working memory accuracy declined in a 

small, but significant way throughout the 4- to 5-hour study (Gergelyfi et al., 2015). After 

a fatiguing 2-hour ‘scheduling’ task, participants made more perseverative errors and 

discovered fewer categories on the Wisconsin Card Sorting Task and had poorer initial 

planning on the Tower of London compared to individuals who did not complete the 

fatiguing task (Van Der Linden et al., 2003). After a fatiguing 90 minutes of n-back, risk 

preferences and choice strategy were significantly destabilized during economic decision-

https://paperpile.com/c/W98oZu/H1FsS
https://paperpile.com/c/W98oZu/H1FsS
https://paperpile.com/c/W98oZu/3rR5r
https://paperpile.com/c/W98oZu/3rR5r
https://paperpile.com/c/W98oZu/H1FsS
https://paperpile.com/c/W98oZu/H1FsS
https://paperpile.com/c/W98oZu/thpGE
https://paperpile.com/c/W98oZu/jPmDQ
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making tasks compared to individuals who watched relaxing videos (Mullette-Gillman et 

al., 2015). When compared to performance after watching a documentary, the same 

participants had a performance decline and showed behavioral avoidance on a forced-

choice working memory paradigm after performing 2 hours of a conflict-switch-working 

memory variant of the Stroop where participants had to make decisions based on 

conflicting sources of information (Benoit et al., 2018). 

 

Generally, these two concepts appear to be targeting the same construct: taxing a 

cognitive resource so that it is unable to be tapped on a subsequent activity. The resource 

depletion literature is rooted in the idea that it is self-control that is depleting resources 

and one’s own acts of volition drain subsequent volition (Baumeister et al., 1998). Again, 

cognitive fatigue appears to be broader, where inducing fatigue in any prolonged or 

challenging cognitive task can have detrimental effects on the performance of a 

subsequent cognitive or physical task. 

  

Synthesis of Vigilance, Resource Depletion, and Cognitive Fatigue 

Vigilance was initially conceptualized as a drop in physiological arousal 

(Frankmann & Adams, 1962). Pattyn et al., 2008 posed the question of whether the 

vigilance decrement is caused by a lack of arousal or cognitive fatigue; they reported that 

the “underload” hypothesis appeared more likely given subjective reports of boredom. 

However, the vigilance decrement has more recently been conceptualized as resulting 

from a depletion of resources from the substantial demands these tasks inflict(Mehta & 

Parasuraman, 2013; J. S. Warm et al., 2008). Converging evidence from studies of task 

https://paperpile.com/c/W98oZu/1JbY8
https://paperpile.com/c/W98oZu/1JbY8
https://paperpile.com/c/W98oZu/HzGAN
https://paperpile.com/c/W98oZu/SwcgJ
https://paperpile.com/c/W98oZu/HIdt5
https://paperpile.com/c/W98oZu/9rp6u
https://paperpile.com/c/W98oZu/R1YCs+HbjXc
https://paperpile.com/c/W98oZu/R1YCs+HbjXc


13 
 

type, perceived mental workload, neural measures during tasks, and stress from tasks all 

point to information processing depletion as the cause of the vigilance decrement (J. S. 

Warm et al., 2008). While not directly mentioning self-control and Baumeister et al. 

(1998)’s work, there is a clear pattern in the current understanding of the vigilance 

decrement that follows principles in his research as well as the findings of cognitive 

fatigue. 

Still, vigilance decrements tend to be reported rather quickly (<15 minutes) within 

one prolonged task, whereas resource depletion is seen in a subsequent task and cognitive 

fatigue has been observed in both. According to the compensatory control model 

described by Hockey (1997), performance level can be maintained for some time after 

fatigue begins by recruiting resources that increase subjective effort; this compensatory 

maintenance has biological and physiological costs. This model further asserts that 

fatigue may present itself in other forms, such as the use of less efficient strategies and 

psychophysiological activation/strain that persists after the task has been completed 

(Hockey, 1997). The compensatory control model was exemplified clearly in Mullette-

Gillman et al. (2015), where they did not observe a decline in performance over 90-

minutes of 2-back, but participants reported significantly increased effort during the task 

and carry-over effects are observed with destabilized economic decision making after the 

task. Likely, it is the level of difficulty and cognitive demand that determines when the 

depletion of resources is revealed, as vigilance tasks have been evidenced to require 

substantial cognitive effort and may be observed quicker (J. S. Warm et al., 2008). 

Further, it may also be that the vigilance literature, on the whole, does not look for effects 

https://paperpile.com/c/W98oZu/HbjXc
https://paperpile.com/c/W98oZu/HbjXc
https://paperpile.com/c/W98oZu/TOWai
https://paperpile.com/c/W98oZu/HbjXc
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on subsequent tasks and the resource depletion literature is not looking for a performance 

decrement on the initial task. 

  

Cognitive Fatigue in Psychosis 

The majority of research on a vigilance deficit in psychosis has been done with 

the use of continuous performance tests (CPT). Initially created as a way to assess a 

deficit of vigilance in individuals with brain damage, Rosvold, Mirsky, Sarason, 

Bransome, & Beck (1956) introduced the original Continuous Performance Test (now 

known as the AX-CPT). In the original AX-CPT, participants are first instructed to press 

a button every time they see the letter ‘X’ and later told to press a button every time they 

see the letter ‘X’ if it was preceded by an ‘A’ (Rosvold et al., 1956). Since then many 

versions of the AX-CPT and other CPT paradigms have been used to study vigilance 

across a number of disorders and in healthy individuals (Riccio et al., 2002). This rich 

literature is bolstered with Go/no-go tasks (inhibiting outgoing behavior) and the 

Sustained Attention Task (detecting the presence or absence of a target) as well 

(Hoonakker et al., 2017).  A recent systematic review by Hoonakker et al. (2017) found 

that the majority of studies do report lower hit rates and longer RTs in people with 

psychosis, but the vigilance decrement—the decrease in performance over time—may be 

parallel with healthy individuals. The authors conclude that each way of assessing for a 

deficit in vigilance is plagued with limitations affecting their interpretability; if the 

decline in vigilance is the same, worse performance could be due to a different cognitive 

deficit or be a core deficit of psychosis on its own (Hoonakker et al., 2017). 

 

https://paperpile.com/c/W98oZu/T8r5Z
https://paperpile.com/c/W98oZu/NzsiG
https://paperpile.com/c/W98oZu/n9OvG
https://paperpile.com/c/W98oZu/n9OvG
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Despite the vast literature on a vigilance deficit in psychosis, the construct of 

cognitive fatigue is little studied in psychosis. In part, the lack of psychosis research on 

cognitive fatigue may be because Kraepelin, while acknowledging cognitive fatigue in 

everyone including healthy individuals, dismissed fatigue as the reason why people with 

psychosis do worse on cognitive tasks (Schmand et al., 1994). Kraepelin found that 

breaks from prolonged tasks only had a short-lived benefit on the performance of people 

with psychosis, with performance after that being variable, which led him to interpret it 

as a “rapid decline in the will-tension,” or a rapid failure of will-power (Schmand et al., 

1994). Essentially, when people with psychosis do degrade in performance faster than 

healthy controls, it is often interpreted as a deficit in motivation and not quicker rates of 

fatigue or a more extreme vigilance decrement. Aside from observations and self-report 

of a motivation deficit, there is evidence to support an influential contribution of 

motivation during cognitive tasks; in particular, people with psychosis can return to 

baseline performance when feedback is given (Schmand et al., 1994) and performance on 

tasks can remain optimal with monetary incentive (Summerfelt et al., 1991). 

 

Despite support for a motivational deficit, other researchers have asserted there is 

a compounded fatigue component in psychosis. Everett et al., (1989) found that people 

with psychosis had a similar, initial selective attention deficit as inpatients with 

depression (also known to have motivational deficits (Krynicki et al., 2018) relative to 

controls on the Stroop task, but that people with psychosis deteriorated in their 

performance much faster than either other group. Furthermore, the Stroop interference 

effect does not appear to differentially occur in psychosis when the task is very short, like 

https://paperpile.com/c/W98oZu/2qCwa
https://paperpile.com/c/W98oZu/2qCwa
https://paperpile.com/c/W98oZu/2qCwa
https://paperpile.com/c/W98oZu/2qCwa
https://paperpile.com/c/W98oZu/v2y1D
https://paperpile.com/c/W98oZu/dV8eN
https://paperpile.com/c/W98oZu/Dlp6H
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nine stimuli being presented at a time (Peters et al., 2000). Contrarily, (Hepp et al., 1996) 

showed an interference effect but did not find any fatigue effects on a computerized 

version of the Stroop, where interference trials were interwoven in their word reading and 

color naming conditions. 

 

While it is controversial about whether vigilance or cognitive fatigue differs 

between people with psychosis and healthy controls, the interpretation seems to be the 

same. If fatigue does not differ between groups and inducing cognitive fatigue is 

unnecessary, potentially unethical, and may not give an accurate measure of the construct 

that the researcher is interested understanding. On the other hand, people with psychosis 

may fatigue quicker than healthy controls; if this is the case, unless the study aims to 

capture the differences in vigilance, fatiguing individuals adds a confounding construct 

that muddies up the interpretability of differences that are in the construct of interest. 

Either way, reducing unnecessary fatigue will reduce participant burden. 

  

Neural Correlates and Psychophysiology of Cognitive Fatigue 

Although cognitive fatigue effects can be observed in the deterioration of 

performance (increased error rates and RTs), determining the specific brain regions and 

networks indicated in fatigue or if there are patterns in activity related to fatigue is 

equally important. First, neural and physiological data can provide insight into which 

cognitive domains and major systems may be affected by fatigue. It can also reveal 

whether this is a global versus regional effect. Further, understanding of these regions 

https://paperpile.com/c/W98oZu/ebUC2
https://paperpile.com/c/W98oZu/pqGMB
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and networks can assist in the interpretation of data and evaluating whether the construct 

of interest was validly targeted or isolated or whether observed effects are due to fatigue. 

 

And fMRI study using a fatiguing task showed a decline fronto-parietal attention 

network activation with fatigue and that activity in the network was decreased post-task 

compared with activity observed pre-task (Lim et al., 2010). The same study revealed that 

pre-test resting activity in the thalamus and right middle frontal gyrus could predict 

subsequent fatigue during the task (Lim et al., 2010). The cortico-striatal network is also 

indicated in cognitive fatigue, theorized as a failure of effort-reward processing 

(Dobryakova et al., 2018). 

 

Electroencephalogram (EEG) recordings have also been useful in studying the 

neural correlates of cognitive fatigue. One study found that while event-related potential 

(ERP)—or time-locked EEG changes in response to a stimulus (Sur & Sinha, 2009)—

amplitude generally goes down throughout time on task, ERP amplitude for the anterior 

frontal region followed an inverted U shape, with the increasing half showing maintained 

performance on the cognitive task while the decreasing half showed a deterioration of 

performance, with increased error rates and RTs (C. Wang et al., 2016). Breaking down 

ERP into its components reveal increased amplitude of N1 increased with time on task 

and a decreased P3b amplitude of low-frequency events with time which correlated with 

individual differences in vigilance decrement (Haubert et al., 2018). Observing EEG 

signals that are decomposed into individual bands, alpha and theta waves are observed to 

increase in voltage throughout a fatiguing set of tests (Sengupta et al., 2017). Gamma 

https://paperpile.com/c/W98oZu/ZLou2
https://paperpile.com/c/W98oZu/ZLou2
https://paperpile.com/c/W98oZu/jHfb2
https://paperpile.com/c/W98oZu/F1yd0
https://paperpile.com/c/W98oZu/bMVbh
https://paperpile.com/c/W98oZu/Th4Fn
https://paperpile.com/c/W98oZu/Q2aLh
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band amplitude in the left frontal region increased in relation to performance decrease 

(Gergelyfi et al., 2015). However, other research indicates whole brain fluctuations in 

delta, gamma, and beta frequency bands to be related to vigilance, and not alpha and theta 

bands (Kim et al., 2017). 

 

Other physiological responses have been observed with cognitive fatigue as well. 

Heart rate is shown to slow and become more variable as fatigue increases (Gergelyfi et 

al., 2015).  Blink rate also increased as fatigue sets in (Gergelyfi et al., 2015; Yung et al., 

2017). These measures could help in the interpretation of data and in determining 

whether a task is fatiguing or not. 

 

The fronto-parietal and cortico-striatal networks are indicated in cognitive fatigue 

(Dobryakova et al., 2018; Lim et al., 2010). While ERP amplitude may increase while 

performance is maintained, decreases in amplitude can be seen once fatigue is reflected in 

performance (Haubert et al., 2018; C. Wang et al., 2016). There is no consensus on 

fatigue of individual frequency bands (Gergelyfi et al., 2015; Kim et al., 2017; Sengupta 

et al., 2017). There is also potential usefulness in measuring heart and blink rate as 

objective measures of fatigue (Gergelyfi et al., 2015; Yung et al., 2017). It is possible that 

differences found in these brain areas and physiological responses between controls and 

people with psychosis are actually capturing fatigue or vigilance decrement as opposed to 

differences in the intended constructs. 

  

 

https://paperpile.com/c/W98oZu/thpGE
https://paperpile.com/c/W98oZu/G7Y3e
https://paperpile.com/c/W98oZu/thpGE
https://paperpile.com/c/W98oZu/thpGE
https://paperpile.com/c/W98oZu/thpGE+grhi9
https://paperpile.com/c/W98oZu/thpGE+grhi9
https://paperpile.com/c/W98oZu/jHfb2+ZLou2
https://paperpile.com/c/W98oZu/Th4Fn+bMVbh
https://paperpile.com/c/W98oZu/G7Y3e+thpGE+Q2aLh
https://paperpile.com/c/W98oZu/G7Y3e+thpGE+Q2aLh
https://paperpile.com/c/W98oZu/thpGE+grhi9
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1.2.3 Subjective Fatigue 

           Despite mixed results about the effects—or even existence of—cognitive fatigue, 

the literature is essentially unanimous about participants’ subjective feelings of fatigue 

after lengthy, monotonous, or challenging tasks. Although the means of measurement 

differ and the type of task changes, the results appear to be equivalent. 

 

Generally, subjective fatigue is measured by having participants rate how fatigued 

they are on Likert scales that vary in the number of items. One way to assess change in 

feelings of fatigue is to compare pre- and post-test ratings (or at several points throughout 

the test). Using this method, subjective fatigue has been seen in standardized testing, 

particularly when increasing the length (Ackerman & Kanfer, 2009), 3 hours of Stroop 

testing (C. Wang et al., 2014), and high and low cognitive load conditions of the N-back 

that increases faster in the high load condition (Borragán et al., 2017). 

 

Another method for evaluating subjective feelings of fatigue is to compare ratings 

after a potentially fatiguing task with a control task, such as watching a documentary or 

movie.  Using this method, subjective fatigue has been seen in a 2-hr long speed-accuracy 

motor task (Solianik et al., 2018), a 2-hr modified Stroop involving the value vs relative 

size of numbers (Benoit et al., 2018), 90 minutes of N-Back (Mullette-Gillman et al., 

2015), a 4 to 5 hour long battery alternating between Sudoku, a novel working memory 

task with numbers, and a simple reaction time test (Gergelyfi et al., 2015), and a 2-hr 

long ‘scheduling’ task (Van Der Linden et al., 2003). 

 

https://paperpile.com/c/W98oZu/slK8s
https://paperpile.com/c/W98oZu/AuHoR
https://paperpile.com/c/W98oZu/0QzCg
https://paperpile.com/c/W98oZu/bFdi0
https://paperpile.com/c/W98oZu/HzGAN
https://paperpile.com/c/W98oZu/1JbY8
https://paperpile.com/c/W98oZu/1JbY8
https://paperpile.com/c/W98oZu/thpGE
https://paperpile.com/c/W98oZu/jPmDQ
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Across the board, reports of feeling fatigued are consistently observed. It may be 

difficult for participants to differentiate fatigue from sleepiness and the concepts of 

sleepiness and fatigue are intermingled for people (Pigeon et al., 2003).  Comparing 

ratings after being fatigued versus control appears to clarify that it is genuinely feelings 

of fatigue that are presenting. Further, many of the studies also gather ratings of 

subjective effort and sleepiness. One of these studies found that fatigue increased faster 

with high cognitive load, but sleepiness increased faster with low-cognitive load, 

indicating that participants may be able to discriminate between the two, particularly 

when presented with both options (Borragán et al., 2017). The experience of fatigue may 

be extremely burdensome to some individuals and even lead to high attrition rates. 

  

1.2.4 Relationship Between Objective and Subjective Cognitive Fatigue 

           Seemingly, there is no relationship between objective and subjective measures of 

cognitive fatigue. While comparing a modified Stroop task involving number values and 

physical sizes against watching a documentary, both subjective feelings of fatigue 

increased and observed performance on a subsequent N-back task decreased, but the level 

of subjective fatigue did not correlate with observed performance (Benoit et al., 2018). 

Related to the compensatory control model described above (see section 2.2), it is likely 

that subjective feelings of fatigue are increased with subjective reports of effort and 

physiological responses that are compensatory to keep performance at an optimal level 

for some time after fatigue sets in (Hockey, 1997). Furthermore, over a 4-5 hour 

assessment with no breaks, higher levels of subjective fatigue was trending towards being 

related to better performance (Gergelyfi et al., 2015). 

https://paperpile.com/c/W98oZu/44IoQ
https://paperpile.com/c/W98oZu/0QzCg
https://paperpile.com/c/W98oZu/HzGAN
https://paperpile.com/c/W98oZu/TOWai
https://paperpile.com/c/W98oZu/thpGE
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           Despite this, subjective fatigue and objective measures of performance are seen to 

correlate at times. When using high and low cognitive load conditions of the 0- and 1-

back, feeling fatigued did correlate with performance on the task, to which the authors 

credit to subjective fatigue being poorly defined and having no universal metric in the 

literature (Borragán et al., 2017). This poor definition may extend to the previous 

section’s statements about fatigue being intertwined with sleepiness and other unpleasant 

emotions when individuals make their ratings. Self-report ratings are notoriously tricky 

and can be reflective of other constructs, such as personality, than the construct it was 

intended to measure (Buchanan, 2016). In the case of fatigue, the subjective reports are 

more consistent than the objective measures, so perhaps finding behavioral metrics that 

map onto subjective experience is necessary to assess fatigue adequately. 

  

1.2.5 Concluding Remarks about Participant Burden 

           There is a recent push to include tolerable measures in psychosis research studies 

to reduce strain on participants (Michael F. Green et al., 2004; Kern et al., 2013; Ludwig 

et al., 2017; Reddy et al., 2015). Unfortunately, how to determine whether a measure is 

tolerable is up to the discretion of the researcher, and there is no existing standardized 

metrics of task tolerability. Research studies can be stressful, frustrating, or boring for 

participants, especially those with psychosis; though not exhaustively examined in this 

review, there were many reports of these feelings reported in tandem with subjective 

fatigue evaluation. Perhaps these constructs should be included in the definition of 

tolerability. 

https://paperpile.com/c/W98oZu/0QzCg
https://paperpile.com/c/W98oZu/8DBi1
https://paperpile.com/c/W98oZu/OfKkT+uWQAg+xC8PP+sAx33
https://paperpile.com/c/W98oZu/OfKkT+uWQAg+xC8PP+sAx33
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Generally, a decrement in performance can be observed in prolonged and 

demanding tasks. While this may be necessary if the construct of interest is vigilance or 

cognitive fatigue, it is an otherwise unnecessary strain on participants. Even when 

performance effects of fatigue are not observed, individuals experience feelings of 

fatigue. Unless there is a defensible purpose for inducing fatigue, doing so is, at best, a 

nuisance to participants already burdensome lives, and, at worst, an ethical dilemma. 

Further, the more unnecessarily burdensome the research study is, the more likely the 

data will be of poor psychometric quality and incidences of dropout will occur; this is 

explored in the following section.  

 

1.3 Researcher Burden 

            Not only can participants in research be burdened, but researchers themselves 

experience burden as well. Significant time is spent to design a study and await approval, 

recruit participants, run the participants, and analyze data. Valid data that is 

psychometrically sound is essential for interpretation, replication, and subsequent 

implementation of novel treatments. Requirements for specialized or dedicated 

equipment and training of research staff can also increase burden. Furthermore, the 

money spent on research to understand the mechanisms of psychosis as well as a lack of 

effective treatments has had monumental impacts on the economy. In this section, I will 

review the ways that research becomes burdensome to the researchers themselves and 

outline the effects that insufficiently replicable research findings have on the economy as 

a whole. 
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           There are two main avenues in which researchers may experience burden. The 

first is directly related to participant burden; research studies with unnecessarily high 

participant burden may result in difficult to interpret data that is hard to collect. However, 

strategies undertaken to reduce participant and researcher burden could also, 

paradoxically, reduce reliability and statistical power. The second has to do with the 

practicality of the research, or the experience of the research study from the researcher’s 

point-of-view. Both are important and can directly impact the integrity of the data, 

thereby leading to results that are not reliable or replicable. 

 

           Researchers are burdened with the duty to collect psychometrically sound data 

that is easily interpretable and replicable. Many factors can affect the quality of the data, 

some which are controllable, some which are not. For example, if a participant 

experiences a psychotic episode between visits (in a non-treatment study) and drops out, 

it is an uncontrollable loss of data. However, the methodology used to collect the data is 

controllable and is possibly the most significant contributor to data quality. Often 

researchers aim to collect as much data as feasible, though this can appear to be at odds 

with the tolerability. However, this may not necessarily be the case. 

 

Utilized paradigms, along with being reliable and stable, need to be valid above 

and beyond everything; even if results are consistent, they are useless if they are not 

accurate. As described in section 2.2, cognitive fatigue and the vigilance decrement affect 

performance on many tasks, leading to increased rates of errors and RTs. Unless the 
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study aims to assess cognitive fatigue or deficits in vigilance, then data from cognitively 

fatigued individuals is directly confounding the construct of interest, which directly 

affects the interpretability of it (Brewer & Crano, n.d.). Differences in conditions, groups, 

or individuals will likely be attributed to the construct of interest but may be due to the 

confound, in this case, fatigue (Brewer & Crano, n.d.). This misattribution reduces the 

likelihood of the findings being meaningful and replicable. Paradigms that are too 

demanding or difficult may lead some participants to check out and not perform to their 

true abilities, as fatigue has been shown to cause variability and destabilization of 

performance (Mullette-Gillman et al., 2015). Therefore, more efficient measures may suit 

the researcher’s interests. 

 

Confounds are not the only argument for using efficient research protocols. 

Complicated, long, and demanding research studies, make it difficult to recruit 

participants (Brintnall-Karabelas et al., 2011; Dunn & Gordon, 2005; Ross et al., 1999). 

Once participants are in the study, these same qualities make it more likely that 

participants will be missing data or drop out of the study early, taking valuable data and 

resources with them (Szymczynska et al., 2017). There is also power in numbers (Button 

et al., 2013), and quicker batteries could result in less payment per participant, allowing 

for the recruitment of more participants. The field is currently in a push for larger, more 

powerful datasets to allow for more reliable and replicable data, in the wake of the 

replicability crisis. Even if recruitment of more participants is not feasible, more efficient 

measures allow for more constructs to be studied in the same amount of time. 

 

https://paperpile.com/c/W98oZu/yTLDP
https://paperpile.com/c/W98oZu/yTLDP
https://paperpile.com/c/W98oZu/1JbY8
https://paperpile.com/c/W98oZu/yJq5C+5mVmG+iNOrQ
https://paperpile.com/c/W98oZu/RBcMd
https://paperpile.com/c/W98oZu/qlVic
https://paperpile.com/c/W98oZu/qlVic
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Practicality, or rather when there is a lack thereof, can be another source of 

burden for researchers. The amount or costs of equipment needed, set-up time, staff 

training, and complicated administration or scoring are all taken into consideration with 

practicality (Michael F. Green et al., 2004).  Unusual equipment requirements and 

complicated scoring or rating requirements make establishing reliability difficult 

(Michael F. Green et al., 2004); this is particularly salient for inter-rater or inter-site 

differences, where keeping equipment and training demands low will result in better 

quality of data. On a more individual level, lugging around equipment that is complicated 

to set up and administer can also lead to frustration on the part of the researcher, 

potentially leading to mistakes and poor data collection. 

 

Collecting high-quality data with good psychometric properties is the primary 

goal for researchers. They need to design valid protocols, get and keep participants 

engaged, and reduce measurement error to achieve this goal. Upon first glance, this could 

be at odds with participant burden, where long, elaborate, and complicated measures are 

needed to collect reliable data. However, efficient measures with simple administrations 

provide less confounded data, make it easier to recruit participants who complete the 

study and could potentially allow for larger sample sizes. 

 

Despite the large amount of money being allocated to unpacking psychosis, 

understanding of mechanisms and the discovery of better treatments is still in a relatively 

rudimentary form. The more efficient, reliable, and reproducible research is, the faster 

this understanding will be obtained, which would have enormous impacts on the 

https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/OfKkT
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economic burden of these diseases as well. In some sense, having better assessments and 

treatments for psychosis will make people more likely to pay for it. However, successful 

treatments of psychosis that allow individuals to live and work independently would 

remove some of the most significant contributors to the economic burden. 

 

           Researchers are always burdened with the task of collecting valid data with good 

psychometric quality that is interpretable and replicable. Data that is confounded by 

methodological missteps, like including a particularly fatiguing paradigm in a study of 

episodic memory, can lead to misattributions of findings to the construct of interest 

instead of the confounds. This misattribution has detrimental effects on the replicability 

and usefulness of the study. Further, poorly tolerated protocols that are difficult, 

demanding, and long make recruitment difficult and increase the risk of attrition/dropout 

rates or non-completion of certain parts of the protocol. 

 

           Impractical protocols are also a burden to researchers. Whether it is lugging 

around heavy equipment or spending significant time training staff to reliably administer 

protocols, resources are spent on this investment. Along with feelings of frustration or 

discomfort for the researcher, impracticality can also lead to poor data quality, 

particularly between raters and across sites. 

 

           The use of efficient measures that maintain psychometric properties in protocols 

is mutually beneficial for researchers and participants. Efficient measures increase 

tolerability, but also limit the chances of fatigue confounding the data. High 



27 
 

interpretability and replicability of the data will lead to more significant findings that can 

be translated to effective treatments. Having effective treatments can have enormous 

impacts on the economic burden of psychosis, as a large portion of this cost is from the 

inability for many people with psychosis to work and live independently. Though the use 

of efficient measures is clearly beneficial, how do we know if a measure is efficient? 

What work has been done to ensure measures are efficient? 

 

1.4 What To Do about Burden—Creating More Efficient Assessments 

It is clear that keeping test batteries efficient as well as keeping participant and 

researcher burden low, but it is also imperative that research studies obtain reliable, 

reproducible information that is validly assessing the question at hand. At times, these 

two goals can be directly at odds, since more data improves interpretability and 

consistency, but can come at the cost of time and effort to the individuals involved. This 

section explores the extent to which efforts have been made to create efficient, fast, and 

simple assessments and paradigms and where efforts fall short of finding a solution to the 

conundrum. 

 

The well-established cognitive deficit in psychosis (Dickinson et al., 2007; 

Heinrichs & Zakzanis, 1998; Schaefer et al., 2013) is continually found to be one of the 

most significant predictors of real-world functioning (M. F. Green et al., 2000). Due to 

this link, understanding the mechanisms of the cognitive deficit and trying to improve 

cognition to reduce the functional impairments are a common focus of psychosis 

research. 

https://paperpile.com/c/W98oZu/2Bo9W+N9dZT+fIclH
https://paperpile.com/c/W98oZu/2Bo9W+N9dZT+fIclH
https://paperpile.com/c/W98oZu/Pk6Ay
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1.4.1 Assessment of General Cognition 

           A generalized cognitive deficit has long been established in the literature, and the 

effects of this deficit saturate the presentation of psychosis (Gold & Dickinson, 2013; 

Heinrichs & Zakzanis, 1998). Due to the importance of deficits in general cognition to 

the disorder, many studies of schizophrenia and psychosis include lengthy 

neuropsychological or cognitive assessments, with testing times being similar, or even 

longer than, neuropsychological assessments in a clinic. Examples of these lengthy 

assessments include CBDB/NIMH Sibling Study (approx. 4 hr. assessment; Straub et al., 

2007) and the Prospective Study of Psychobiology in First-Episode Schizophrenia (6-8 

hr. assessment; Bilder et al., 2000). Beginning in the early 2000s, researchers have been 

searching for the most appropriate measures of general cognition in schizophrenia and 

other psychoses, trying to find the balance of good psychometric quality and tolerability. 

 

One of the first attempts at creating a neuropsychological battery specifically for 

use in clinical trials of schizophrenia was from the Clinical Antipsychotic Trials of 

Intervention Effectiveness (CATIE) project; the researchers involved in this project held 

a meeting in 2000 to discuss and decide what the battery should include (Keefe et al., 

2003). Similarly to the MATRICS initiative, the CATIE project also defined guidelines 

for choosing subtests, analogously naming brevity and ease of administration (alongside 

psychometric quality) as important features of tests included in the battery (Keefe et al., 

2003). Ultimately, the cognitive battery chosen takes 90 minutes to complete, which is 

https://paperpile.com/c/W98oZu/wMY4h+fIclH
https://paperpile.com/c/W98oZu/wMY4h+fIclH
https://paperpile.com/c/W98oZu/15Rnw
https://paperpile.com/c/W98oZu/15Rnw
https://paperpile.com/c/W98oZu/2yyIv
https://paperpile.com/c/W98oZu/2yyIv
https://paperpile.com/c/W98oZu/2yyIv
https://paperpile.com/c/W98oZu/2yyIv
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significantly streamlined compared to some other assessments of cognition in psychosis 

(Keefe et al., 2003). 

 

After abundant evaluation of tests and an administration of a beta version to 

participants, the MATRICS consensus cognitive battery (MCCB) was formed; the 

MCCB, comprised of 10 subtest tests across cognitive domains, takes approximately 65 

minutes to complete (Nuechterlein et al., 2008; Nuechterlein & Green, 2006). Both the 

CATIE battery and the MCCB used pre-existing and previously validated assessments 

and cherry-picked the ones most appropriate for their aims and selection criteria, but only 

the MCCB was assessed for the reliability and validity before implementation (Keefe et 

al., 2003; Nuechterlein et al., 2008). Fortunately, the CATIE battery was later shown to 

have good test-retest reliability (Gagan Fervaha et al., 2014; Hill et al., 2008). 

 

           A systematic review found that, as of 2012, 15 performance-based neurocognitive 

batteries (i.e., more than one subtest) were deemed appropriate for studying psychosis 

according to the MATRICS selection criteria listed above (see table 1; Bakkour et al., 

2014). Of these 15 batteries, the Brief Assessment of Cognition in Schizophrenia (BACS) 

stands out as being tied for the briefest assessment, (administration time of 30 minutes) 

and including five of the cognitive domains identified by the MATRICS initiative 

(Bakkour et al., 2014). In its initial validation, the BACS was compared to a standard 

battery of tests that took over two hours to complete in a study with 150 people with 

schizophrenia and 50 healthy controls (Keefe et al., 2004). Test-retest reliability was 

shown to be excellent, which is essential when assessing change over time, as one would 

https://paperpile.com/c/W98oZu/2yyIv
https://paperpile.com/c/W98oZu/fPAq2+BqmEg
https://paperpile.com/c/W98oZu/2yyIv+BqmEg
https://paperpile.com/c/W98oZu/2yyIv+BqmEg
https://paperpile.com/c/W98oZu/18xWU+5zm9O
https://paperpile.com/c/W98oZu/d5RXG
https://paperpile.com/c/W98oZu/2X1V1
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in a clinical trial (Michael F. Green et al., 2004). The BACS was also shown to be a valid 

measure of the cognitive deficits in schizophrenia; people with schizophrenia scored 

about 1.5 standard deviations below controls on both the BACS and the larger 

standardized battery, and the batteries were correlated at .76 for patients and .90 for 

controls (Michael F. Green et al., 2004). Essentially, the BACS was equally sensitive to 

the cognitive deficits seen in schizophrenia as the standard battery but took 

approximately 1/4 of the amount of time to administer (Michael F. Green et al., 2004). 

Another benefit was that more people with schizophrenia were able to complete all the 

tests in the BACS (93.3%) than the complete standard battery (73.3%), where there was a 

significant amount of data loss due to participant refusal or a failure to understand 

instructions, particularly on computerized tasks (Keefe et al., 2004). 

 

           While the BACS sufficiently captured the majority of variance of cognitive 

functioning in a shorter amount of time, it begged the question—can the generalized 

cognitive deficit be captured in an even more efficient way? If there indeed is a 

generalized cognitive deficit, then we should be able to capture it with only a few valid 

and reliable tests. Further, if most of the information can be obtained quickly and easily, 

it lowers the burden on participants and researchers. Indeed, several attempts to create 

even shorter neurocognitive batteries—usually advertised as for use in clinical settings or 

research studies where only an approximation of general cognition was needed—have 

been done. Different strategies have been employed for selecting the best tests to include 

for this endeavor. 

 

https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/2X1V1
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Soon after the BACS was published, Velligan et al. (2004) created the 15-minute 

Brief Cognitive Assessment (BCA) by selecting three commonly used standardized tests 

that span several cognitive domains and have a short administration time: verbal fluency 

(letter and category), Trail Making Test (TMT) A and B, and the Hopkins Verbal 

Learning Test (HVLT). In a sample of 340 people with psychosis, the BCA was found to 

have excellent test-retest reliability, is highly correlated with a comprehensive 

neuropsychological battery, and explained more than 50% of the variance of the larger 

battery (Velligan et al., 2004). 

 

Other brief cognitive assessments used more data-driven approaches to select 

their subtests. The most common metric used to create a brief assessment is to calculate 

the variance per minute (VPM) each subtest contributes to the composite of a 

comprehensive neuropsychological battery. VPM is calculated by finding the correlation 

of each subtest to the full test’s composite score without the subtest itself (called the 

corrected item-total correlation; CITC), squaring it, and then dividing it by the length of 

time the subtest takes in minutes (Hurford et al., 2011). 

 

The first of the brief cognitive assessments for psychosis using this metric was the 

10- to11-minute Brief Cognitive Assessment Tool for Schizophrenia (B-CATS), which 

calculated the VPM of subtests in three studies with comprehensive neuropsychological 

batteries (Hurford et al., 2011). The authors determined that the most efficient battery 

would include TMT B, category fluency, and digit symbol coding, that correlates highly 

with the larger batteries (Hurford et al., 2011). A final version of the B-CATS, including 

https://paperpile.com/c/W98oZu/iuaHr
https://paperpile.com/c/W98oZu/JpuJI
https://paperpile.com/c/W98oZu/JpuJI
https://paperpile.com/c/W98oZu/JpuJI
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TMT A and B, Animal Fluency, and the Digit Symbol Substitution Test was later 

assessed against MCCB for reliability and validity and was shown to have excellent and 

comparable test-retest reliability, acceptable internal consistency, explain 52% of the 

variance of the MCCB (Hurford et al., 2018). 

 

Wong, Miller, Fiorito, and Ireland (2013) used the VPM method to find the most 

efficient subtests in two larger comprehensive neuropsychological examinations. While 

they did not form their own brief cognitive exam, they agreed that digit coding and verbal 

fluency tasks afford the most VPM and instead suggest using another processing speed 

task as the third task, such as TMT A or the Stroop, expressing that it may have been 

attention and/or processing speed that indicated the inclusion of the TMT B in B-CATS 

(Wong et al., 2013). Another study calculated the VPM of the BACS subtests to form an 

11-minute abbreviated version (A-BACS) including the Symbol Coding, Digit 

Sequencing, and Token Motor subtests (Kaneda & Keefe, 2015). The A-BACS explained 

86% of the variance of the whole BACS and 55% of the variance of the BACS excluding 

the A-BACS measures. 

 

To form the 10-minute Brief Neurocognitive Assessment (BNA) for 

schizophrenia, Fervaha, Agid, Foussias, and Remington (2014) used the full CATIE 

cognitive battery and calculated the bivariate correlation of each simple subtest (no 

required apparatus and under 10 minutes) and the composite score with bootstrapped 

samples. Letter-Number Sequencing and Digit-Symbol Test had the highest correlations 

with the composite score and together explained 76% of the variance of the composite 

https://paperpile.com/c/W98oZu/LvUMX
https://paperpile.com/c/W98oZu/YEWix
https://paperpile.com/c/W98oZu/ucQnv
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score, which was replicated at two and six months post-baseline assessments and test-

retest reliability excellent (Gagan Fervaha et al., 2014). Lastly, another short form of the 

BACS (BAC-SF) was constructed by examining all 3-test combinations with an 

exploratory factor analysis and finding the bivariate correlation between each principal 

component and the composite score (Lam et al., 2017). They found that Verbal Memory, 

Digit Sequencing, and Symbol Coding was the most appropriate combination, which was 

replicated in another, showed comparable test-retest reliability with the whole 

assessment, and had good, though decreased, predictive accuracy of diagnosis (Lam et 

al., 2017). 

 

  All of the brief assessments of cognition in psychosis that used scientific 

methodology to determine their test (5/6 assessments) included a Digit Symbol Coding 

test/variant. The inclusion of a symbol coding test is consistent with meta-analyses of 

cognition in schizophrenia, where digit symbol coding is the single subtest with the 

largest effect size and processing speed is the cognitive domain that has the largest effect 

size when comparing individuals with schizophrenia and healthy controls (Dickinson et 

al., 2007; Schaefer et al., 2013). Various verbal fluency and sequencing tasks were each 

indicated in three of these brief inventories and may be adequate choices, though episodic 

memory tasks, such as verbal memory (indicated in two of these inventories) may be a 

more discriminating task for individuals with psychosis (Schaefer et al., 2013). 

 

These brief measures are reliable and explain a large portion of the variance 

obtained through comprehensive neurocognitive batteries. While there is some loss of 

https://paperpile.com/c/W98oZu/18xWU
https://paperpile.com/c/W98oZu/pvBPk
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https://paperpile.com/c/W98oZu/2Bo9W+N9dZT
https://paperpile.com/c/W98oZu/2Bo9W+N9dZT
https://paperpile.com/c/W98oZu/N9dZT
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information that comes from gathering less data, the gains in tolerability, practicality, and 

efficiency call for the use of a brief measure. Further, these brief measures allow for a 

more pure assessment of the intended primary outcome measure. 

  

1.4.2 Measures of Specific Domains of Cognition in Psychosis 

           Efficient measures of general cognition are undoubtedly necessary, but many 

research questions are more narrowly focused on one domain of cognition or even a 

specific cognitive mechanism.  The length and number of trials in most cognitive 

paradigms included in these studies tend to be arbitrarily chosen, without regard to 

tolerability and potentially fatiguing effects of the task.  Efforts to increase the efficiency 

of lab-based neurocognitive paradigms have begun. So far, this typically involves 

examining the effect of reducing the number of trials, shortening interstimulus intervals 

(ISI), and changing the duration of stimuli presentation. 

 

A direct descendent of MATRICS, the Cognitive Neuroscience Treatment 

Research to Improve Cognition in Schizophrenia (CNTRICS) initiative identified the 

need to find paradigms from the basic science literature (Luck & Gold, 2008). However, 

they pointed out that including these paradigms present many roadblocks, such as 

paradigms being too long or difficult to be tolerated by people with psychosis, and the 

need for them to be standardized with good psychometric properties for use in clinical 

trials of schizophrenia (Luck & Gold, 2008). This group identified attractive candidate 

paradigms across key cognitive domains, but stated that they needed to be optimized for 

https://paperpile.com/c/W98oZu/IJ4ia
https://paperpile.com/c/W98oZu/IJ4ia
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use in clinical trials by making them more efficient without losing (and possibly even 

enhancing) the psychometric properties and construct validity (Barch et al., 2008). 

 

CNTRICS identified six important constructs for assessing cognition in 

psychosis: working memory, attention, long-term memory, perception, and social and 

emotional processing (Barch et al., 2008). They elected tasks in each of these cognitive 

domains to be further developed for use in clinical trials from their basic science 

paradigm forms, which can be seen in Table 1.1. 

  

Efforts by the CNTRaCS Consortium 

           The Cognitive Neuroscience Test Reliability and Clinical Applications for 

Schizophrenia (CNTRaCS) consortium was born in response to CNTRICS in order to do 

the task optimization and psychometric analysis needed to make the nominated tasks 

ready for clinical use (Gold et al., 2012). CNTRaCS took on four of the nominated tasks, 

and the results of their optimization are summarized below (Gold et al., 2012). 

 

Goal Maintenance: In the goal maintenance literature, the AX-CPT and Dot 

Pattern Expectancy (DPX) are commonly used paradigms. Specifically, the DPX is a 

variant of AX-CPT that replaces letter stimuli in AX-CPT with novel dot patterns, 

avoiding bias from overlearned letters and increasing the discriminative sensitivity of the 

test. As the AX-CPT was more established in the literature, the DPX was chosen for 

optimization to be more efficient and reliable (Henderson et al., 2012). Five versions of 

the task were each given to a large number of healthy controls and people with 

https://paperpile.com/c/W98oZu/vNlee
https://paperpile.com/c/W98oZu/vNlee
https://paperpile.com/c/W98oZu/okiqT
https://paperpile.com/c/W98oZu/okiqT
https://paperpile.com/c/W98oZu/QanuO
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schizophrenia. The five versions varied on the interstimulus interval (ISI) length and the 

trial type (Henderson et al., 2012). The version with the shorter interval length (which 

shortened test length by 33%) and the largest prepotency (automaticity of response for 

the most frequent trial type) was found to be the optimal version of the paradigm 

(Henderson et al., 2012). 

 

Perception/Visual Integration: The CNTRaCS consortium chose a variant of the 

Contour Integration paradigm named in CNTRICS, called the Jittered Orientation Visual 

Integration (JOVI) task for further development because people with schizophrenia have 

shown deficits in their ability to identify highly noisy or fragmented shapes (Silverstein et 

al., 2012). In this task, participants are asked to determine the direction a dashed shape is 

facing when there are other jitters at different angles making it harder or easier to 

differentiate the shape. Two versions of the JOVI were examined, each with 240 trials, 

but the range of jitter values differed (Silverstein et al., 2012). The authors found not only 

that the narrower range of jitter values was better at discriminating between healthy 

controls and people with schizophrenia, but also that reliable data could be obtained with 

a 10-minute 120-trial version of the task (Gold et al., 2012). 

 

           Gain Control: The Contrast-Contrast Effect (CCE) paradigm was chosen as the 

task to optimize in the domain of gain control (Barch et al., 2012). Two versions of this 

task were assessed. The first was the original version and the second reduced the ISI 

(from 1000 ms to 100 ms) to shorten the task and reduce memory demands (Gold et al., 

2012). No decrement of using the shorter ISI was found (Barch et al., 2012). Further, the 

https://paperpile.com/c/W98oZu/QanuO
https://paperpile.com/c/W98oZu/QanuO
https://paperpile.com/c/W98oZu/bgax2
https://paperpile.com/c/W98oZu/bgax2
https://paperpile.com/c/W98oZu/bgax2
https://paperpile.com/c/W98oZu/okiqT
https://paperpile.com/c/W98oZu/q1eD2
https://paperpile.com/c/W98oZu/okiqT
https://paperpile.com/c/W98oZu/okiqT
https://paperpile.com/c/W98oZu/q1eD2
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authors found a similar effect size when taking into consideration only half of the trials 

used, which could indicate shortening the task even more is appropriate (Barch et al., 

2012). 

 

           Relational Encoding and Retrieval: Two adaptations of the Relational and Item-

Specific Encoding (RISE) task were examined; one that used the words from the original 

task and one that used visual representations of those words (Ragland et al., 2012). The 

two versions tested here did not differ other than using images versus words, but both 

versions here had fewer trials, a much shorter ISI, and slightly longer presentation of the 

stimuli than the original task (Murray & Ranganath, 2007; Ragland et al., 2012). The 

version with images had better tolerability and comprehension than the version with 

words, and the shortened version had good psychometric properties in relation to the 

original task (Ragland et al., 2012). 

 

           These CNTRaCS studies relay the necessity of optimizing tasks to find the best 

compromise between keeping paradigms tolerable and obtaining enough information for 

reliable and replicable assessments. Optimization of these tasks was done using different 

techniques, but all found shortened versions to be as, if not more, reliable. Techniques 

used in these studies include varying the trial type and ratio of trial presentation, 

shortening the ISI, changing the length of stimuli presentation, and reducing the number 

of trials. Multiple studies also evaluated the theoretical reliability of tasks if the number 

of trials is reduced further (such as only using half of the data), which suggests that 

further and more dramatic optimization is likely possible. It may be worth it to decide on 

https://paperpile.com/c/W98oZu/q1eD2
https://paperpile.com/c/W98oZu/q1eD2
https://paperpile.com/c/W98oZu/JRNCM
https://paperpile.com/c/W98oZu/JRNCM+48baW
https://paperpile.com/c/W98oZu/JRNCM
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guidelines for optimizing tasks in the most effective, and least costly/time-consuming, 

ways. 

  

1.4.3 Efficiency in Neuroimaging and Psychophysiological Studies 

           Neuroimaging and the collection of psychophysiology data are common in—and 

an integral part of—studying cognition in psychosis. These methodologies currently 

allow us the best opportunity to understand the brain regions, underlying neural 

mechanisms, and functional organization associated with cognitive functions. For more 

established mechanisms, neuroimaging data have even been used to help validate that a 

measure is assessing the intended construct (although such reverse inference should be 

made with caution; Poldrack, 2006). However, collecting this valuable neuroimaging is 

often time-consuming and costly. Functional Magnetic Resonance Imaging (fMRI) is one 

of the most common and informative methods of obtaining brain activation. Efficient 

brain scans are similarly crucial to tolerability and practicality as efficient paradigms are. 

 

           Resting state fMRI (rs-fMRI) is a type of fMRI where participants are not 

engaged in any directive activity and can be helpful for understanding functional brain 

connectivity. Typical rs-fMRI scans are 5-7 minutes long (Birn et al., 2013). In part, this 

scan time is in response to Van Dijk et al. (2010), who found that correlations between 

brain areas in rs-fMRI stabilize by 5-6 minutes and show moderate to high test-retest 

reliability. These authors also found that adding scan runs only marginally increases 

reliability and that multiple concatenated runs look nearly identical to a single run (Van 

Dijk et al., 2010). Another study found 6.5-minute scans to have modest to high test-

https://paperpile.com/c/W98oZu/2Od99
https://paperpile.com/c/W98oZu/aRJHN
https://paperpile.com/c/W98oZu/fZtCL
https://paperpile.com/c/W98oZu/fZtCL
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retest reliability between scans done on the same day, with somewhat of a drop for scans 

done at least five months apart (Shehzad et al., 2009). 

 

However, other studies have reported that more data is needed for reliable 

assessments of rs-fMRI. Birn et al. (2013) found that the functional relationships between 

brain areas become more reliable if the scan duration is in the range of 9-13 minutes and 

that at this length test-retest reliability begins to plateau and further gains were minimal. 

Though these authors show that the ICCs did not differ from scans in just one condition, 

all of the scan lengths they examined were an equal concatenation of scans with the 

participant’s eyes closed, eye’s open, and eye’s fixated, meaning the scan lengths were 

not consecutive time points or the same condition (Birn et al., 2013). The authors also did 

not make any corrections for motion, so it is possible that these two factors affected the 

rate at which reliable data was acquired (Birn et al., 2013). Still, another study found that 

reliability increases rapidly until 15 minutes and continues to make gradual gains until 4 

hours (Anderson et al., 2011). Further, if the research question required discerning an 

individual from a group, at least 25 minutes would need to be collected (Anderson et al., 

2011). 

 

Task-based fMRI (tfMRI) is more complicated to recommend reliable scan 

lengths for, as it is muddied by the task itself. Choosing a task with a block design that 

efficiently measures the construct at hand is potentially the most important factor for 

optimizing tfMRI (Bennett & Miller, 2010). Nevertheless, some general 

recommendations can be applied to both re-fMRI and tfMRI. In order to detect an effect 

https://paperpile.com/c/W98oZu/T5qAm
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size of 1% in either rs-fMRI and tfMRI, such as cortical column resolution, scan length is 

dependent on the temporal signal-to-noise (SNR)—a temporal SNR of 60 only requires 

10 minutes of scanning, whereas one of 30 would need 40 minutes of data (Murphy et al., 

2007). The use of simultaneous multi-slice (SMS) imaging techniques can increase the 

efficiency of data collection and decrease scan length. Recently, Jahanian et al., (2019) 

using SMS imaging techniques, could match the test-retest reliability and signal-noise 

separation on a typical 10 minute rs-fMRI scan in 3 minutes. Further, during tfMRI, scan 

times can be reduced 2-4 fold using SMS techniques (Feinberg et al., 2010). 

 

Several authors have proposed recommendations for collecting reliable fMRI data 

that reduce errors, thereby increasing the efficiency with which it can be collected; high-

quality data implies that less data collection needed. Increasing SNR and contrast-to-

noise ratios allow for more reliable data, but also increase scan time, so other ways to 

increase these are to verify acquisition quality before the scan, use a parallel acquisition 

head coil, and use the most powerful magnet available (substantial gains from 1.5 Tesla 

to 3 Tesla; Bennett & Miller, 2010). Spending time ensuring participants understand the 

task instructions before they enter the scanner as well as scanning them at the same time 

of day (if there are multiple scans) will also reduce error and allow for a more reliable 

assessment (Bennett & Miller, 2010). Depending on the specific brain network of 

interest, the participant instructions (eyes closed, eyes open, eyes fixated) that lead to the 

most reliable assessment may vary, with eyes fixed potentially being better across all 

networks (Patriat et al., 2013). 

 

https://paperpile.com/c/W98oZu/K3H02
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EEG is another commonly used method of obtaining information about brain 

function in people with psychosis. ERPs are measured from EEG readings by averaging 

over many like events—the more measurements of activity during the event, the larger 

the signal to noise ratio becomes (Boudewyn et al., 2018). One study took on the vital 

task of optimizing the number of trials needed to get psychometrically sound ERP data 

without burdening participants and researchers with time and resources spent collecting 

the data (Boudewyn et al., 2018). They did this by altering three factors: the number of 

trials used to compute the effect, the sample size, and the effect magnitude (Boudewyn et 

al., 2018). The number of trials needed for reliable data varied based on the factors 

included and the specific component of the ERP desired; when data from 32 participants 

are considered, error-related negativity (ERN) can be seen with as few as 8 error trials 

and lateralized readiness potential (LRP) with less than 45 trials with excellent internal 

reliability (Boudewyn et al., 2018). A significant difference across conditions is nearly 

guaranteed to be found in a sample size of 12 for ERNs with 6 trials and LRPs with 30 

trials (Boudewyn et al., 2018). Sample size and magnitude of the expected effect should 

be taken into account when deciding the number of trials for an ERP study. A minimum 

of 8 trials per condition in needed to detect ERN and 45 trials per condition is needed to 

detect LRP; it should be noted that increasing sample size is much more effective at 

detecting between-group differences than increasing trial number is (Boudewyn et al., 

2018). 

 

Depending on the equipment available, fMRI data collection might be an area 

where it is difficult to optimize and reduce scan length. While there are many 

https://paperpile.com/c/W98oZu/0bPSc
https://paperpile.com/c/W98oZu/0bPSc
https://paperpile.com/c/W98oZu/0bPSc
https://paperpile.com/c/W98oZu/0bPSc
https://paperpile.com/c/W98oZu/0bPSc
https://paperpile.com/c/W98oZu/0bPSc
https://paperpile.com/c/W98oZu/0bPSc
https://paperpile.com/c/W98oZu/0bPSc


42 
 

recommendations for collecting clean, reliable data, many researchers still assert that 

more data collection is always better. It is, however, important to estimate power 

beforehand, because oftentimes adding subjects will be more powerful than adding 

scanner time (Bennett & Miller, 2010). Collecting less data on more subjects would help 

in reducing participant burden but could potentially increase the practicality side of 

researcher burden. Fortunately, the collection of EEG data can likely be optimized with 

careful and thoughtful task selection. It is common in the EEG literature to include large 

numbers (up to 1000) trials to detect ERP signal (Carter et al., 2012) when there only 

needs to be about 50 trials per condition to detect reliable ERPs (Boudewyn et al., 2018). 

  

1.4.4 Concluding Remarks on Optimization 

           Across the literature, it appears that it is possible to make the research protocols 

on cognition in psychosis can be made more efficient, collecting similarly 

psychometrically sound data in significantly less complicated and time-consuming way. 

The well-established general cognitive deficit (Heinrichs & Zakzanis, 1998) can be 

assessed with 10-15 minute batteries that generally show excellent composite test-retest 

reliability, good internal consistency, and few practice effects (see table 1). These brief 

measures correlate with larger standardized cognitive batteries in the range of 0.69 to 

0.91 and reveal a similar level of deficit in people with schizophrenia relative to controls 

(see table 1). 

 

Though the general cognitive deficit saturates the presentation of psychosis, many 

research questions are focused on specific cognitive functions or mechanisms. The 

https://paperpile.com/c/W98oZu/JCN5Z
https://paperpile.com/c/W98oZu/B15AG
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tolerability and practicality of paradigms are increasingly becoming recognized as 

important criteria, despite no standardized way to optimize tasks and the potential that 

efforts at increasing tolerability and practicality are at odds with the psychometric 

properties of the paradigms. The gains that have been made in the area have largely been 

spearheaded by the CNTRACS consortium, with findings revealing that simpler and 

quicker versions of paradigms with good psychometric properties can be identified and 

do exist. 

 

Considerable time and resource costs are presented when valuable neuroimaging 

and psychophysiology data are being collected. Reliable EEG data have been shown to 

require significantly fewer trials than are typically presented, which could lead to 

significant reductions in research protocol lengths. Though there are certainly steps that 

can be taken to obtain the most reliable data possible, it is unclear how much fMRI data 

acquisition can realistically be streamlined. fMRI may be an area where we will fail to 

find a way to reduce burden. 

 

A general theory of reliability may be responsible for these findings. Constructs 

like general cognitive ability can be broken down to many sources of variance. A large 

sum of these sources would need to change in order to have detrimental effects on test-

retest reliability and stability over time. Ultimately this reliable data requires less data 

collection in order to be interpretable. However, when research questions become 

increasingly fine-grained, and are examined at an increasingly molecular scale, such as 

interpreting blood-flow in a single voxel, there are fewer sources of variance and each 
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one could have deleterious effects on the stability and reliability and more data collection 

is necessary. Keeping this theory in mind can improve the optimization of research 

protocols. 

 

1.5 Summary 

           Participating in research studies can be exhausting, stressful, challenging, and 

unpleasant for individuals. Given symptoms of psychosis, such as reduced stress 

tolerance, and the rate of attrition from studies, people with psychosis likely experience 

the burden to a heightened degree. Due to the increased burden, authors have recently 

been calling for more tolerable assessments/paradigms/and batteries. Unfortunately, there 

is no consensus of how to measure tolerability or what sub-constructs should be 

considered with respect to tolerability. For example, are fatigue and the vigilance 

decrement part of tolerability? What about increased levels of stress and symptom 

exacerbation during studies? 

 

           There is also researcher burden. One aspect of this is when the research study 

does not have practicality and has complicated set-up, interpretation, and other like 

things. Another aspect of researcher burden is the need to collect psychometrically sound 

data that is reliable, valid, and reproducible. Having a research study that is not tolerable 

for participants leads to high attrition rates, confounded data, and uninterruptible results. 

Without clean data that is replicable, understanding of individual mechanisms as well as 

the ability to create new and impactful treatments is impossible. Without increased 

understanding and better treatments, the economic burden of psychosis remains high. 
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           Starting with the MATRICS initiative, and moving through the CNTRICS 

initiative to the CNTRACS consortium, several efforts have been made to create 

optimized paradigms that balance participant tolerability with collecting reliable, 

reproducible data. Unfortunately, to date, there have been no standardized ways to do 

this. I am proposing for efforts to be made to determine the best way to optimize 

paradigms. Consideration should be given to item response theory (IRT), generalizability 

theory, and computer adaptive testing. It is also important to determine the importance of 

internal consistency to test-retest and practice effects, as well as what are acceptable 

levels, when optimizing paradigms. The variance per minute metric is another attractive 

candidate tool in the optimization process. 

 

Optimization studies are costly and time-consuming in and of themselves, so they 

may not be the most attractive research to propose. Simulation studies or partial-

simulation studies (such as that employed by Boudewyn et al., 2018) could be attractive 

candidates. Further, using already collected data to determine if and when gains in 

reliability and other metrics begin to plateau is another option for beginning to optimize 

measures without becoming overwhelmingly costly. 
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Table 1.1: Paradigms elected by CNTRICS by domain. 

Article Cognitive Domain Elected Paradigms 

Barch, Berman, et al., 2008 Working memory AX-CPT 

DPX 

Barch et al., 2009 Executive Control Intradimensional/ 

Extradimensional Shift Task 

Stroop 

Stop Signal Task  

Carter et al., 2008 Social Cognitive and 

Affective Processing 

Penn Emotion Recognition 

Task 

Facial Affect Recognition 

and the Effects of Situation 

Context 

Green et al., 2008 Perception Contour Integration 

Detection 

Coherent Motion Detection 

Nuechterlein, Luck, Lustig, 

& Sarter, 2009 

Attention Guided Search 

Sustained Attention Task-

Distractor Condition 

Ragland et al., 2008 Long-Term Memory Associative Interference 

Paradigm 

Relational and Item 

Encoding and Retrieval 

Probabilistic Reward Task 

Probabilistic Selection Task 

Probabilistic Reversal 

Learning Task 
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Chapter 2 (Study 1): Reliability and Replicability of Implicit and Explicit 

Reinforcement Learning Paradigms in People with Psychotic Disorders 

 

Foreword: This chapter was written in collaboration with Deanna M. Barch, Cameron S. 

Carter, James M. Gold, J. Daniel Ragland, Steven M. Silverstein, and Angus W. 

MacDonald, III, who edited versions of this manuscript. The text of this chapter is also 

published in Schizophrenia Bulletin. 

 

Abstract 

Background: Motivational deficits in people with psychosis may be a result of 

impairments in reinforcement learning. Therefore, behavioral paradigms that can 

accurately measure these impairments and their change over time are essential. 

Methods: We examined the reliability and replicability of two reinforcement learning 

paradigms (one implicit, one explicit, each with positive and negative reinforcement 

components) given at two time points to healthy controls (n=75), and people with bipolar 

disorder (n=62), schizoaffective disorder (n=60), and schizophrenia (n=68). 

Results: Internal consistency was acceptable (mean α = 0.78±0.15), but test-retest 

reliability was fair to low (mean ICC = 0.33±0.25) for both implicit and explicit 

reinforcement learning. There were no clear effects of practice for these tasks. Largely, 

performance on these tasks show intact implicit and impaired explicit reinforcement 

learning in psychosis. Symptom presentation did not relate to performance in any robust 

way. 
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Conclusions: Our findings replicate previous literature showing spared implicit 

reinforcement learning and impaired explicit reinforcement in psychosis. This suggests 

typical basal ganglia dopamine release, but atypical recruitment of the orbitofrontal and 

dorsolateral prefrontal cortices. However, we found that these tasks have only fair to low 

test-retest reliability and thus may not be useful for assessing change over time in clinical 

trials. 
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2.1 Introduction 

Approximately 75% of individuals with schizophrenia have motivational deficits 

(G. Fervaha et al., 2014). These deficits are linked to social, occupational, and other 

functional impairments and therefore represent an important treatment target (G. Fervaha 

et al., 2014; Najas-Garcia et al., 2018; Nakagami et al., 2008). Targeting symptoms 

requires a means to measure their improvement, a role that is increasingly filled through 

performance-based tasks. Such clinically relevant tasks should be well-tolerated, 

sensitive to psychosis-related impairments, and reliable enough to track change with 

minimal practice effects (M. F. Green et al., 2004). The current study examined these 

properties in two reward-based learning tasks, a critical construct for measuring 

motivation in people with psychosis. These tasks were identified as potential outcome 

measures in pharmaceutical clinical trials based on surveys given to experts that 

identified important cognitive domains (Carter et al., 2008) and promising paradigms 

(Barch et al., 2009; Ragland et al., 2009). 

 

While motivational deficits were formerly attributed to an inability to experience 

pleasure, recent evidence does not support this hypothesis (G. P. Strauss et al., 2014). 

People with schizophrenia report similar in-the-moment pleasure to healthy individuals, 

and only showed reduced levels of anticipated pleasure (Gard et al., 2007; Gold et al., 

2008). Therefore, a more compelling explanation for motivational deficits is reward 

processing system impairments in people with psychosis (Gold et al., 2008; G. P. Strauss 

et al., 2014). One aspect of the reward processing system is reinforcement learning (RL), 

https://paperpile.com/c/W98oZu/7hFHi
https://paperpile.com/c/W98oZu/7hFHi+znR2I+doDQh
https://paperpile.com/c/W98oZu/7hFHi+znR2I+doDQh
https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/Wqp97
https://paperpile.com/c/W98oZu/7gEws+HAQV8
https://paperpile.com/c/W98oZu/mPmCU
https://paperpile.com/c/W98oZu/dQlaQ+aaJzQ
https://paperpile.com/c/W98oZu/dQlaQ+aaJzQ
https://paperpile.com/c/W98oZu/mPmCU+aaJzQ
https://paperpile.com/c/W98oZu/mPmCU+aaJzQ
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or determining how to maximize a reward by exploring the environment and adapting 

performance to exploit rewards and avoid losses (Sutton & Barto, 1998).  

 

A large literature has parcellated key components of RL. RL may be implicit 

(outside of conscious awareness) or explicit (overt representations about the potential 

reward associations; Barch et al., 2017). Reinforcement may also be positive (learning 

which actions lead to reward) or negative (learning which actions avoid an undesirable 

outcome). Differing brain mechanisms underlie each of these systems. For implicit RL, 

the changes in dopamine (DA) release based on expected and unexpected rewards modify 

activity in the ventral and dorsal regions of the basal ganglia to support maximally 

adaptive responses to current stimuli (Frank & Claus, 2006; Schultz, 2007). Unexpected 

rewards induce DA firing and reinforce a behavior while non-occurrences of 

rewards/losses reduce firing and inhibit that behavior. Implicit learning occurs slowly, 

without conscious awareness, until the DA neurons fire to the cues themselves (Centonze 

et al., 2001; Frank, 2005; Frank & Claus, 2006; Schultz, 1992, 2007). Explicit RL 

mechanisms appear to recruit the orbitofrontal cortex (OFC) and dorsolateral prefrontal 

cortex (DLPFC) for faster, more flexible top-down control of choices about reward and 

punishment (Frank & Claus, 2006; Gold et al., 2012; O’Doherty et al., 2001; 

Schoenbaum & Roesch, 2005).  

 

The literature is mixed regarding RL deficits observed in people with psychotic 

disorders. Implicit RL appears relatively intact in schizophrenia (Chang et al., 2016; Gold 

et al., 2008; Heerey et al., 2008; Somlai et al., 2011; G. P. Strauss et al., 2014) (see 

https://paperpile.com/c/W98oZu/WFRIw
https://paperpile.com/c/W98oZu/uTYDw
https://paperpile.com/c/W98oZu/L7Ugw+S2Z7i
https://paperpile.com/c/W98oZu/L7Ugw+S2Z7i+5lyAE+XYG9C+R8yrW
https://paperpile.com/c/W98oZu/L7Ugw+S2Z7i+5lyAE+XYG9C+R8yrW
https://paperpile.com/c/W98oZu/L7Ugw+9e4UU+okiqT+lt0uL
https://paperpile.com/c/W98oZu/L7Ugw+9e4UU+okiqT+lt0uL
https://paperpile.com/c/W98oZu/mPmCU+aaJzQ+GZDTY+aFTGQ+x9aqB
https://paperpile.com/c/W98oZu/mPmCU+aaJzQ+GZDTY+aFTGQ+x9aqB
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exception, Waltz et al., 2011), though it may still be accompanied by abnormal basal 

ganglia function (Reiss et al., 2006; Weickert et al., 2009). Impairments in positive 

explicit RL are common, with potentially preserved negative explicit RL (Chang et al., 

2016; Cicero et al., 2014; Farreny et al., 2016; Gagan Fervaha et al., 2013; Gold et al., 

2012; Waltz et al., 2011) (see Cicero et al., 2014; Farreny et al., 2016; Gagan Fervaha et 

al., 2013; Gold et al., 2008; Waltz et al., 2011 for deficits in both and Albrecht et al., 

2019 for deficits in neither). The deficit in positive explicit RL may be exaggerated in 

individuals with higher negative symptoms, in particular amotivation/anhedonia (Gold et 

al., 2012; G. P. Strauss et al., 2014). 

 

For these reasons, reward processing and RL specifically are important treatment 

targets and therefore must be measured with precision over time (M. F. Green et al., 

2004). The goal of the Cognitive Neuroscience Test Reliability and Clinical applications 

for Serious mental illness (CNTRaCS) consortium is to psychometrically optimize tasks 

of disorder-relevant cognitive constructs, such as RL, for use in clinical trials (Gold et al., 

2012). Two RL tasks have been particularly useful to the field in recent years. One, 

developed by Pizzagalli and colleagues, is here called the Implicit Probabilistic Incentive 

Learning Tasks (Pizzagalli et al., 2005). The second, developed by the Pessiglione group, 

is here called the Explicit Probabilistic Incentive Learning Tasks (Pessiglione et al., 

2006). CNTRaCS adapted these tasks with new stimuli and conditions to better address 

relevant questions (Barch et al., 2017). Our group previously found that bias towards 

reward or away from punishment did not differ by diagnosis for the IPILT, whereas 

people with schizophrenia were impaired on the EPILT (Barch et al., 2017). The 

https://paperpile.com/c/W98oZu/szr71
https://paperpile.com/c/W98oZu/eINnq+LJVTF
https://paperpile.com/c/W98oZu/okiqT+aFTGQ+szr71+FiWHk+s7AzL+H7m7m
https://paperpile.com/c/W98oZu/okiqT+aFTGQ+szr71+FiWHk+s7AzL+H7m7m
https://paperpile.com/c/W98oZu/okiqT+aFTGQ+szr71+FiWHk+s7AzL+H7m7m
https://paperpile.com/c/W98oZu/aaJzQ+szr71+FiWHk+s7AzL+H7m7m
https://paperpile.com/c/W98oZu/aaJzQ+szr71+FiWHk+s7AzL+H7m7m
https://paperpile.com/c/W98oZu/oK6nc
https://paperpile.com/c/W98oZu/oK6nc
https://paperpile.com/c/W98oZu/mPmCU+okiqT
https://paperpile.com/c/W98oZu/mPmCU+okiqT
https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/okiqT
https://paperpile.com/c/W98oZu/okiqT
https://paperpile.com/c/W98oZu/X7qB0
https://paperpile.com/c/W98oZu/ZS9Wd
https://paperpile.com/c/W98oZu/ZS9Wd
https://paperpile.com/c/W98oZu/uTYDw
https://paperpile.com/c/W98oZu/uTYDw
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applicability for clinical trials has yet to be determined. Therefore, the goals of this study 

were to 1) establish task reliability, 2) examine practice effects, 3) replicate the findings 

in Barch et al., 2017, and 4) assess relationships to symptom severity. 

 

2.2 Methods 

Participants: 

75 healthy controls (HC), 62 people with bipolar disorder with psychotic features 

(BP), 85 people with schizoaffective disorder (SczA; 25 unmedicated), and 91 people 

with schizophrenia (Scz; 23 unmedicated) were recruited. Participants gave written, 

informed consent. For the current analyses, only medicated patients were included. Other 

reasons for exclusion (n=5) are described in the supplemental methods. Data were 

collected nearly equally across all five sites of the CNTRaCS consortium (Washington 

University in St. Louis, University of California-Davis, Maryland Psychiatric Research 

Center at the University of Maryland School of Medicine, Rutgers University, and 

University of Minnesota-Twin Cities) and each site’s institutional review board approved 

this study. See supplement for inclusion and exclusion criteria. Groups were similar on 

age and parental socioeconomic status but differed on sex ratios (Table 2.1).   

 

Tasks and Procedures:  

Participants completed three visits. The first consisted of an IQ screen (Wechsler, 

2001), diagnostic interview (First et al., 2002), and clinical and functional (Schneider et al., 

1983) scales. Clinical symptoms were rated using the Brief Psychiatric Rating Scale 

(BPRS; Ventura et al., 1995), Young Mania Rating Scale (YMRS; Young et al., 1978), 

Bipolar Depression Rating Scale (BDRS; Berk et al., 2007), and Clinical Assessment 

https://paperpile.com/c/W98oZu/WKHuJ
https://paperpile.com/c/W98oZu/WKHuJ
https://paperpile.com/c/W98oZu/9yWSI
https://paperpile.com/c/W98oZu/Qv3rB
https://paperpile.com/c/W98oZu/Qv3rB
https://paperpile.com/c/W98oZu/9NNYI
https://paperpile.com/c/W98oZu/FODm7
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Interview for Negative Symptoms (CAINS; Kring et al., 2013).  All raters achieved 

agreement (ICC ≥ 0.80) on “gold standard” ratings with ongoing drift prevention 

interviews every 2-4 weeks.  

 

Two sets of cognitive testing sessions were completed approximately one month 

apart. The cognitive tasks in this paper are summarized in Supplemental Table 2.1 and 

explained below. Other testing procedures are in the supplement. 

 

Implicit Probabilistic Incentive Learning Tasks (IPILT): The IPILT (Figure 2.1a) 

was modified (Pizzagalli et al., 2005, 2008) to include both a positive (IPILT-P) and 

negative (IPILT-N) reinforcement version (Barch et al., 2017). Participants made 

perceptual discriminations between two variants of a briefly shown (100ms) line-drawn 

stimulus. On the IPILT-P, ~40% of correct responses received the feedback “Correct! 

You Win!” and participants gained $0.05. On the IPILT-N, participants started with 

$3.60 and lost $0.05 on ~40% of incorrect trials being told “Sorry. You Lose.” One of the 

two stimulus variants was always associated with three times more feedback (RICH) than 

the other (LEAN). The IPILT-P and IPILT-N each had three blocks of 60 trials. The 

dependent measures included response bias, log b, and discriminability, log  d or d’ 

(equations in supplement).  

 

Explicit Probabilistic Incentive Learning Tasks (EPILT): The EPILT (Figure 

2.3a) was adapted (Pessiglione et al., 2006) to assess explicit learning from gain and 

avoiding loss incentives (Barch et al., 2017).  There were two phases: training and 

https://paperpile.com/c/W98oZu/D28YK
https://paperpile.com/c/W98oZu/X7qB0+7dJ5Q
https://paperpile.com/c/W98oZu/uTYDw
https://paperpile.com/c/W98oZu/ZS9Wd
https://paperpile.com/c/W98oZu/uTYDw
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transfer. During training, participants were asked to learn value discriminations for 4 

pairs of images over 160 trials. Two of the pairs were Gain conditions, where the optimal 

choice was associated with a gain of $0.05 and the word “WIN!” Non-optimal choice 

resulted in no gain of money and the feedback “Not a winner. Try again!” For one of the 

Gain pairs, the optimal response was reinforced 90% of the time and the other pair’s 

optimal response was reinforced 80% of the time. The other 2 pairs of stimuli were Avoid 

Loss conditions, with a not lose/lose response pattern. These used the same reward 

probabilities, where the optimal choice resulted in no loss of money and the feedback 

“Keep your money!” and the non-optimal choice resulted in a loss of $0.05 and the 

feedback “LOSE!” The dependent measure for this phase was percent accuracy. 

 

For the transfer phase, the original 4 training pairs were each presented 4 times, 

alongside 56 novel pairings, totaling 72 trials. Novel pairings included only trained 

images. Participants chose the image they thought was “best,” without feedback. The 

accuracy selecting the more rewarded image in a pairing was the primary dependent 

measure. As described further in the supplement, the pairings of interest were: 1) 

Frequent Winner versus Frequent Loser (FWvsFL), 2) Frequent Winner versus 

Infrequent Winner (FWvsIW), 3) Frequent Winner versus Frequent Loss Avoider 

(FWvsFLA), and 4) Frequent Loss Avoider versus Infrequent Winner (FLAvsIW). 

 

Data Analysis:  

Reliability: The internal consistency at each testing session for all dependent 

measures for both the IPILT and the EPILT were calculated using Cronbach’s α; data for 



55 
 

Session 2 are presented in the supplemental results. Test-retest reliability for each task 

was assessed using Intraclass Correlations (ICCs). A two-way random effects model 

assessing degree of agreement between testing sessions was utilized (McGraw & Wong 

formula ICC(A,1); McGraw & Wong, 1996; Shrout & Fleiss, 1979). Reliability for the 

IPILT was reassessed excluding a stimulus set that appeared more difficult and therefore 

non-comparable to others. 

 

Practice Effects: Following previous CNTRaCS analyses (G. P. Strauss et al., 

2014), multilevel modeling was utilized for each task’s primary dependent measure with 

Session as a within-subjects predictor and Diagnosis, mean-centered Age, and Sex as 

between-subjects predictors as well as the higher order interactions. The models had 

fixed slopes, random intercepts, and used an unstructured covariance structure. Non-

significant interactions were dropped. 

 

Replication: Full analysis and data processing details can be found in Barch et al., 

2017. Results from Session 1 are reported in the primary text with Session 2 included in 

the supplement. For the IPILT, greater response bias (log b) indicated higher propensity 

to choose the more optimal stimulus and larger discriminability (d’) indicated a greater 

ability to distinguish between stimuli. The IPILT-P and IPILT-N were separately 

analyzed with repeated-measures ANOVAs. Block was a within-subject factor and 

Stimulus Set and Diagnostic Group were between-subject factors.  

 

https://paperpile.com/c/W98oZu/rC35c+SMO2D
https://paperpile.com/c/W98oZu/mPmCU
https://paperpile.com/c/W98oZu/mPmCU
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For the training phase of the EPILT, a repeated-measures ANOVA with Block, 

Valence (Gain vs. Avoid Loss), and Probability (90/10 vs. 80/20) as within-subject 

factors, and Stimulus Set and Diagnostic Group as between-subject factors was 

completed. The transfer phase was analyzed with Pairing as a within-subject factor and 

Stimulus Set and Diagnostic Group as between-subject factors in a repeated-measures 

ANOVA. 

 

Clinical Relationships: To assess the relationship of clinical symptoms with 

reinforcement learning, we implemented canonical correlations with 10-fold cross-

validation to assess robustness. For the IPILT, we used the average bias across blocks and 

the change in bias from block 1 to block 3. For the EPILT, we used the average accuracy 

for the Gain and Avoid Loss training conditions and the accuracy of three transfer 

pairings (FWvsIW, FWvsFLA, FLAvsIW). The clinical symptoms assessed were the 

BPRS scores for positive, negative, depression, mania, and disorganized symptoms, 

YMRS total score, BDRS total score, CAINS Motivation and Pleasure, and CAINS 

Expression. Results for Session 1 are reported here and those for Session 2 are in the 

supplement. 

 

2.3 Results 

IPILT: 

Reliability: The IPILT-P and IPILT-N each had very good internal consistency 

for both response bias and discriminability across groups at Session 1 (Figure 2.1b). 

Internal consistency for Session 2 was similar (Supplemental Table 2.2). Test-retest 
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reliability for the IPILT-P bias, IPILT-N bias, and IPILT-N discriminability were low, 

with IPILT-P discriminability being moderate. 

 

Practice Effects: For the IPILT-P response bias, there was a Group x Session 

interaction; Scz improved across testing sessions compared to HC (b=0.384, t(248)=2.14, 

p=0.033). For the IPILT-N, heightened bias away from punishment was seen in SczA at 

Session 1, but SczA bias was similar to other groups at Session 2. As such, compared to 

HC, there was a Group x Session interaction for SczA (b=-0.447, t(242)=-2.10, p=0.037). 

Effects with Age and Sex are in Supplemental Table 2.5. 

 

Replication: For the IPILT-P (Figure 2.2a), all Groups showed a positive response 

bias toward reward (model intercept: F(1,240)=78.6, p<0.0001, η2
p=0.247), as expected, 

with no significant Group differences (F(3,240)=1.3, p=0.267, η2
p=0.016), largely 

replicating our previous work (Barch et al., 2017). We also observed a significant main 

effect of Block (F(2,239)=8.1, p=0.0004, η2
p=0.053), suggesting an increasing bias 

toward the rewarded response over blocks across groups, which was not seen previously. 

 

For the IPILT-N (Figure 2.2b), participants had a response bias away from 

punishment (model intercept: F(1,232)=13.5, p=0.0003, η2
p=0.055), as predicted (Barch 

et al., 2017). A significant effect of Block was again observed (F(2,231)=32.5, p<0.0001, 

η2
p=0.220), where bias increased over blocks. A main effect of Group (F(3,232)=5.0, 

p=0.002, η2
p=0.060) was also observed, with SczA having significantly higher bias than 

all other groups, which was not reported previously. 

https://paperpile.com/c/W98oZu/uTYDw
https://paperpile.com/c/W98oZu/uTYDw
https://paperpile.com/c/W98oZu/uTYDw
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While examining replication, one Stimulus Set (Eyes Big or Small) appeared to 

be more difficult than others while examining d’ (IPILT-P: F(4,224)=2.6, p=0.037; 

IPILT-N: F(4,232)=10.7, p<0.001). Test-retest reliability was reexamined without this set 

and still found to be generally poor (See supplemental results and Figure S1). 

 

Relationship to Symptoms: Clinical symptoms did not relate to IPILT-P or IPILT-

N average bias or change in bias (First canonical variate=0.30, p=0.66, Cross-validated 

first variate=0.07, p=0.99). 

 

EPILT: 

Reliability: EPILT-Training had very good internal consistency across groups at 

Session 1 (Figure 2.3b). However, internal consistency for the EPILT-Transfer phase was 

poor to fair. These results were repeated in Session 2 (Supplemental Table 2.2). Test-

retest reliability for the EPILT-Training phase was fair. For the EPILT-Transfer phase, 

test-retest reliability was poor. 

 

Practice Effects: During training, there was a Group x Session interaction in the 

Gain conditions. For the 80% Gain condition, accuracy for HC and Scz went down from 

Session 1 to Session 2 (Supplemental Table 2.6); Scz did not differ from HC (b=0.003, 

t(225)=0.084, p=0.933), whereas accuracy increased for BP (b=0.068, t(221)=2.12, 

p=0.035) and SczA (b=0.088, t(226)=2.63, p=0.009). For the 90% Gain condition, 

compared to HC (who decreased in accuracy over time), there was a Group x Session 
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interaction for BP who increased in accuracy at Session 2 (b=0.072, t(222)=2.23, 

p=0.027). There was a main effect of Session for the 80% Avoid Loss (b=0.025, 

t(225)=2.75, p=0.007) and 90% Avoid Loss (b=0.029, t(231)=2.96, p=0.003) conditions. 

Session did not interact with Group, Age, or Sex for these conditions. 

 

In the EPILT-Transfer (Supplemental Table 2.7), there were Group x Session 

interactions for FLAvsIW and FWvsIW where BP improved in accuracy compared to HC 

who performed worse at Session 2 (b=0.114, t(232)=2.30, p=0.022 and b=0.121, 

t(224)=2.83, p=0.005, respectively). Interactions with Sex are in Table S7. 

 

Replication: In the EPILT-Training (Figure 2.4a), we observed main effects of 

Block (F(3,222)=112.1, p<0.0001, η2
p=0.602), Probability (F(1,224)=39.3, p<0.0001, 

η2
p=0.149), Valence (F(1,224)=7.2, p=0.008, η2

p=0.031), and Group (F(3,224)=6.6, 

p=0.0003, η2
p=0.082). Post-hoc analyses revealed that accuracy increased across Block 

and in the 90% condition compared to the 80%, which replicated previous findings. The 

main effect of Valence also replicated; however, accuracy was higher for Gain conditions 

than Avoiding Loss, which was opposite previous findings. HC were more accurate than 

all patient groups, who did not differ in their accuracy from each other, replicating 

previous findings.  

 

These main effects are qualified by significant interactions between Block x 

Probability (F(3,672)=15.46, p<0.0001, η2
p=0.065) and Block x Valence (F(3,672)=3.0, 

p=0.028, η2
p=0.013). For Block x Probability, the 80% condition improved in accuracy 
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over blocks more than the 90% condition did. For Block x Valence, participants were 

more accurate in Block 1 for the Loss Avoidance condition, but by Block 4 participants 

were more accurate in the Gain condition. These interactions differ from the previous 

report (Barch et al., 2017). 

 

In the transfer phase (Figure 2.4b), there was a main effect of Pairing 

(F(3,221)=84.5, p<0.0001, η2
p=0.534), but the interaction between Pairing x Group was 

not found in this dataset (F(9,669)=1.0, p=0.419, η2
p=0.014), thereby only partially 

replicating previous findings (Barch et al., 2017). Post-hoc contrasts showed that 

participants were most accurate for FWvsFL and FWvsIW, followed by FLAvsIW, and 

least accurate for FWvsFLA. We saw a main effect of Group (F(3,223)=6.6, p=0.0003, 

η2
p=0.082), not previously seen, where HC performed better than other groups (who 

performed equally). 

 

Relationship to Symptoms: A significant first canonical variate revealed a 

relationship driven by training Avoiding Loss accuracy (standardized coefficient=0.990) 

and a negative relationship with BPRS positive symptoms and positive relationship with 

YMRS (standardized coefficients=-0.823 and 0.990, respectively). However, this was not 

robust to cross-validation (Supplemental Table 2.8). 

 

2.4 Discussion 

To assess the usefulness of novel reinforcement learning paradigms for measuring 

treatment effects in serious mental illness, we examined the reliability, practice effects, 

https://paperpile.com/c/W98oZu/uTYDw
https://paperpile.com/c/W98oZu/uTYDw
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and replicability of tasks performed twice in the absence of a systematic intervention. The 

internal consistency of both the IPILT and EPILT was appropriate, but test-retest 

reliability was at best fair and poor for most measures. Further, there were no 

homogenous effects of practice for these paradigms; instead groups differed on how they 

changed over time. Previous findings with these tasks largely replicated; a notable 

exception included an increase in bias toward reward across blocks in positively 

reinforced implicit learning. Lastly, performance generally did not relate to 

symptomatology in any robust way. 

 

High internal consistency speaks to the unidimensional nature of the measures 

across blocks. If unidimensionality were sufficient for measuring change, the IPILT and 

EPILT would be sensitive to change. However, test-retest reliability is a better index of 

measurement noise, and more directly translates into power calculations for (and the 

expense of) clinical trials (Matheson, 2019; Weir, 2005). Perhaps our results were 

therefore impacted by meta-learning, the phenomenon of learning-to-learn. In the first 

testing session, participants are required to learn the right decisions in order to produce 

maximally efficacious outcomes on these tasks. However, there were no clear 

improvements in learning across testing sessions, with the exception of Avoiding Loss in 

explicit RL, (Tables S5-S7) suggesting that practice effects associated with meta-learning 

were minimal. Some patient groups did change with practice: Scz developed an implicit 

bias toward reward more readily than HC’s across sessions, individuals with a mood 

disorder had improved positive explicit RL while other groups decreased in accuracy, etc. 

However, these instances did not result in differential ceiling effects across sessions. 

https://paperpile.com/c/W98oZu/Xq9fy+1r8Ez
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Another possibility that low reliability occurred is because these learning tasks used 

probabilistic feedback, which would facilitate learning sometimes and other times impede 

it; many more trials may be needed to overcome this. It may therefore be important to 

consider how reinforcement learning might be approached using more deterministic 

feedback to reduce these sources of noise. 

 

We did not observe much differentiation between patients and controls on our 

measure of implicit RL. This finding is consistent with the literature on RL in people with 

psychosis, with a general consensus that implicit RL is relatively intact, implying 

potentially normal basal ganglia DA firing. (see exception Waltz et al., 2011; Chang et 

al., 2016; Gold et al., 2008; Heerey et al., 2008; Somlai et al., 2011; G. P. Strauss et al., 

2014). While we found that SczA had higher bias away from punishment than the other 

groups at Session 1, this effect dissipated by Session 2 and may not be robust.  

 

Our findings are largely consistent with the literature for explicit RL. Previous 

studies have revealed a deficit in positive explicit RL in Scz, but have been split about 

whether negative explicit RL is impaired in Scz (deficits in only positive (Chang et al., 

2016; Cheng et al., 2012; Gold et al., 2012; Reinen et al., 2016; G. P. Strauss et al., 2011; 

Waltz et al., 2007, 2011), deficits in both (Cicero et al., 2014; Farreny et al., 2016; Gagan 

Fervaha et al., 2013; Gold et al., 2008; Waltz et al., 2011), and deficits in neither 

(Albrecht et al., 2019)). In our sample, patient groups performed similarly and were 

significantly less accurate than HC for both the Gain and Avoid Loss conditions, though 

BP were intermediate for some conditions. We actually observed a greater deficit and 

https://paperpile.com/c/W98oZu/szr71
https://paperpile.com/c/W98oZu/mPmCU+aaJzQ+GZDTY+aFTGQ+x9aqB
https://paperpile.com/c/W98oZu/mPmCU+aaJzQ+GZDTY+aFTGQ+x9aqB
https://paperpile.com/c/W98oZu/mPmCU+aaJzQ+GZDTY+aFTGQ+x9aqB
https://paperpile.com/c/W98oZu/okiqT+aFTGQ+szr71+211tA+AL5y0+VyzYr+9uPU6
https://paperpile.com/c/W98oZu/okiqT+aFTGQ+szr71+211tA+AL5y0+VyzYr+9uPU6
https://paperpile.com/c/W98oZu/okiqT+aFTGQ+szr71+211tA+AL5y0+VyzYr+9uPU6
https://paperpile.com/c/W98oZu/aaJzQ+szr71+FiWHk+s7AzL+H7m7m
https://paperpile.com/c/W98oZu/aaJzQ+szr71+FiWHk+s7AzL+H7m7m
https://paperpile.com/c/W98oZu/oK6nc
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more separation between groups in the Avoid Loss conditions lending support to a deficit 

in both positive and negative explicit RL and may point to negative RL being a better 

indication of diagnostic severity. However, this finding was the opposite of what our 

group previously found with this same paradigm in a different sample. All participants 

benefited more from Gain feedback across blocks, despite initial accuracy being higher 

while Avoiding Loss. Patients were also impaired in their ability to distinguish novel 

pairings to previously learned reward stimuli. It appears that people with psychosis may 

fail to recruit the OFC and DLPFC for faster, more flexible decisions with top-down 

control for rewards and punishments (Frank & Claus, 2006; Gold et al., 2012; O’Doherty 

et al., 2001; Schoenbaum & Roesch, 2005). 

 

Previous studies have observed that negative explicit RL performance decreases 

as negative symptoms increase, in particular amotivation/anhedonia (Gold et al., 2012; G. 

P. Strauss et al., 2014). We did not find a relationship with negative symptoms and 

explicit RL, but did see a worsening of negative explicit RL with increasing positive 

symptoms and decreasing mania symptoms that was not robust to cross-validation. Based 

on these findings, the EPILT might not be an appropriate task to measure negative 

symptoms and their mechanisms but might hold promise for measuring positive 

symptoms. No other symptom dimension was related to explicit or implicit RL. The 

severity of symptoms were similar to those seen previously in our group when examining 

these tasks (Barch et al., 2017) and higher than other studies observing a relationship 

between negative symptoms and explicit RL performance (Gold et al., 2012; G. P. 

Strauss et al., 2011). 

https://paperpile.com/c/W98oZu/L7Ugw+9e4UU+okiqT+lt0uL
https://paperpile.com/c/W98oZu/L7Ugw+9e4UU+okiqT+lt0uL
https://paperpile.com/c/W98oZu/mPmCU+okiqT
https://paperpile.com/c/W98oZu/mPmCU+okiqT
https://paperpile.com/c/W98oZu/uTYDw
https://paperpile.com/c/W98oZu/okiqT+211tA
https://paperpile.com/c/W98oZu/okiqT+211tA
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There were a number of limitations to this study. As all patient groups in this 

analysis were on medications, with varying effects on DA receptors, we did not study the 

disorders in their natural state. Also, clinical symptoms were only assessed in the patient 

populations and examined at a separate time from either testing session, separated by ~2 

weeks from first cognitive testing session, perhaps attenuating stronger relationships. 

Further, the field is moving toward the inclusion of computational metrics for examining 

behavioral data; it is possible that these parameters may have better reliability and may 

assess the mechanisms involved in symptomatology more directly than traditional 

metrics. Finally, we do not recommend the inclusion of the “Eyes Big or Small” stimulus 

set for the IPILT, which complicated our results. 

 

In conclusion, both the IPILT and the EPILT do not appear to be strongly affected 

by practice effects or symptomatology and are internally reliable. We were largely able to 

replicate previous findings in terms of patterns of spared implicit and impaired explicit 

reinforcement learning in patients on these tasks. Some of the differences that we noted 

may reflect more power in this study, as we have larger sample sizes, and we typically 

found more parsimonious relationships between the effects of positive and negative 

reinforcers, with more main effects and two-way interactions and less three-way 

interactions. It will be important to address concerns with test-retest reliability before 

recommending these tasks be used in clinical trials for serious mental illness. 



65 
 

2.5 Tables and Figures: 

  

Group Differences

M SD M SD M SD M SD

Age 37.4 11.3 38.3 10.7 38.4 11.2 37 10.1 NS

Gender (% Female) 45.3% 64.5% 45.0% 39.7% BP > HC = Scz = SczA

Race (% Non-white) 48.0% 25.8% 65.0% 54.4% SczA > Scz = HC > BP

Personal Education 14.7 2.3 14.7 2.6 13.2 2.4 12.8 2.1 HC = BP > Scz = SczA

Parental SES* 13.9 2.7 14.2 2.5 13.8 2.8 13.1 3.4 NS

WTAR Standard Score 109 13.2 105.3 14.8 96.9 17.1 95.7 17 HC = BP > Scz = SczA

Time Between Test Sessions 28.8 4.9 31.9 7.1 29.9 4.2 30.2 6.2 BP > HC

BPRS Positive - - 4.6 2 9 4.6 6.8 3.6 SczA > Scz > BP

BPRS Negative - - 5.9 1.9 7.6 2.8 7.7 2.5 Scz = SczA > BP

BPRS Disorganization - - 4.8 1.1 5.8 2.3 5.6 1.9 Scz = SczA > BP

BPRS Depression - - 9.6 3.9 10.4 4.5 7.7 3 SczA = BP > Scz

BPRS Mania - - 7.5 3 8 3.7 6.3 2.7 SczA = BP > Scz

YMRS - - 9.8 7.6 12.2 6.9 8.7 5.5 SczA > Scz; SczA = BP; Scz = BP

BDRS - - 5.5 5.3 7.1 7 4 4.6 SczA > Scz; SczA = BP; Scz = BP

CAINS Motivation & Pleasure - - 8.2 5.5 11.8 6.9 12 6.3 Scz = SczA > BP

CAINS Expression - - 0.8 1.7 3.3 3.1 4.1 2.8 Scz = SczA > BP

SLOF Self-Report - - 4.3 0.5 4.2 0.5 4.2 0.5 NS

SLOF Informant - - 4.4 0.4 4.1 0.4 4.2 0.5 NS

Typical Antipsychotic - - 6.5% 16.7% 22.1% Scz = SczA > BP

Atypical Antipsychotic - - 46.8% 95.0% 88.2% Scz = SczA > BP

Both Typical and Atypical - - 11.7% 10.3% 3.2% NS

Racial composition: 51.7% White, 38.9% Black, 2.3% Native American/Alaskan, 0.4% Pacific Islander, 5.3% Asian, 5.7% other/unknown

*Estimated from the Hollingshead Index.

Table 2.1: Demographics and Clinical Characteristics

HC (n=75) BP (n=60) SczA (n=57) Scz (n=68)

WTAR = Wechsler’s Test of Adult Reading, BPRS = Brief Psychotic Rating Scale, YMRS = Young Mania Rating Scale, BDRS = Bipolar Depression Rating Scale, CAINS 

= Clinical Assessment Interview for Negative Symptoms, SLOF = Specific Levels of Functioning scale
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Figure 2.1. IPILT Task Design and Reliability 

 
The Implicit Probabilistic Incentive Learning Tasks (IPILT) A) The trial structure 

schematic and stimulus sets for IPILT, adapted from Barch et al., 2017. Only one 

stimulus set is presented per session, counter-balanced by participant and session. B) 

Internal consistency (Session 1 only) and test-retest reliability for the IPILT split by 

group for positive and negative bias (log b) and discriminability (d’). 

 

 

 

Figure 2.2. IPILT Performance Across Groups 

 
Bias across blocks for A) IPILT-P and B) IPILT-N split by group. *p<0.001, 

***p<0.00001 
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Figure 2.3. EPILT Task Design and Reliability 

 
The Explicit Probabilistic Incentive Learning Tasks (EPILT). A) Trial structure for the 

EPILT. Participants were trained on 4 image pairs. For two pairs, they received the 

feedback on the left with either 90% or 80% of the feedback reinforcing the optimal 

image. For the other two pairs, they received on the right with either 90% or 80% of the 

feedback reinforcing the optimal image. Image adapted from Barch et al., 2017. Only one 

stimulus set is presented per session, counter-balanced by participant and session.  B) 

Internal consistency (Session 1 only) and test-retest reliability for the EPILT split by 

group for Training and Transfer accuracy. 

 

 

 

Figure 2.4. EPILT Performance by Group 

 
A) EPILT-Training accuracy across groups split by Gain or Loss conditions of the 

training phase across blocks and B) EPILT-Transfer accurately identifying the most 

valuable item in a pair for each pairing split by group. *p<0.05, **p<0.01  
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2.6 Supplemental Methods 

Participants: 

Two BP and three SczA were excluded from the study because they 1) no longer 

met diagnostic criteria, 2) were unable to understand task instructions, 3) were unable to 

complete tasks in a reasonable amount of time, 4) had very poor task functioning, or 5) 

reported migraines. Some participants had missing data for various tasks but were 

included to retain maximum information. For Session 2, data were available for 69 HC, 

57 BP, 53 SczA, and 66 Scz. Attrition was due to participants requesting to be removed 

from the study or were not able to be contacted for scheduling. 

 

Participants 1) were aged 18-65 years old, 2) never experienced a significant head 

injury (20 minute loss of consciousness or overnight hospitalization) or a diagnosis of a 

neurological disorder, 3) did not have an intellectual disability or pervasive 

developmental disorder diagnosis, 4) did not have substance dependence in the last 6 

months or abuse in the last month, 5) spoke sufficient English to complete testing, 6) 

scored an estimated premorbid IQ of ≥70 on the Wechsler Test of Adult Reading 

(WTAR; Wechsler, 2001), 7) were able to give informed consent, and 8) passed a 

breathalyzer (<0.05) and urine drug screen (cocaine, THC, methamphetamine, morphine, 

and amphetamine) on each day of testing. Patients had to meet criteria according to the 

Diagnostic and Statistical Manual for Mental Disorders, Fourth Edition (DSM-IV) as 

assessed by the Structured Clinical Interview for the DSM-IV-TR (SCID; First et al., 

2002). Medications needed to be stable in the previous month (and planned to be stable in 

the upcoming month), and outpatient or partial hospitalization status needed to be stable. 

https://paperpile.com/c/W98oZu/WKHuJ
https://paperpile.com/c/W98oZu/9yWSI
https://paperpile.com/c/W98oZu/9yWSI
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Controls could not have a personal history of psychosis or bipolar disorder, current major 

depression, or use psychotropic or cognitive enhancing medications or have a family 

history of psychosis. 

 

Tasks and Procedures:  

In addition to the procedures outlined in the main text, participants were given the 

Specific Levels of Functioning scale (SLOF; Schneider et al., 1983) at the clinical 

baseline to assess community functioning. When available, the SLOF was also given to 

an informant of the participant (40.6%). The baseline visit took approximately 3 hours. 

 

Each testing session lasted approximately 4 hours and included a break of at least 

1 hour and up to 5 days. In addition to the RL paradigms, participants were also given 

Working Memory (Change Detection, Change Localization, and two Running Span 

versions; Gold et al., 2019), Positive Valence (Reversal Learning; Cools et al., 2002), 

Goal Maintenance (Dot Pattern Expectancy; Henderson et al., 2012), Relational 

Encoding and Retrieving (Relational and Item-Specific Encoding; Ragland et al., 2012), 

and Visual Integration (Jitter Orientation Visual Integration; Silverstein et al., 2012) 

paradigms at each testing session. In addition, during the first testing session three 

subtests of the Matrix Consensus Cognitive Battery (Hopkins Verbal Learning Test, 

Coding, and Letter Number Sequencing; Nuechterlein et al., 2008). During the second 

testing session, the UCSD-Performance Based Skills Assessment (UPSA; (atterson et al., 

n.d.) was included to assess functional capacity. 

 

https://paperpile.com/c/W98oZu/Qv3rB
https://paperpile.com/c/W98oZu/ofo4K
https://paperpile.com/c/W98oZu/EQMiH
https://paperpile.com/c/W98oZu/QanuO
https://paperpile.com/c/W98oZu/JRNCM
https://paperpile.com/c/W98oZu/bgax2
https://paperpile.com/c/W98oZu/BqmEg
https://paperpile.com/c/W98oZu/eTvnC
https://paperpile.com/c/W98oZu/eTvnC
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IPILT: Table S1 and Figure 1a are available to aid in the understanding of this 

paradigm. There were 180 trials in both the IPILT-N and the IPILT-P and a subset of 

correct responses are rewarded 3:1 in favor of one stimulus. The stimuli were 5 pairs of 

line-drawn faces that each varied on the length or thickness of the eyes, nose, or mouth; 

participants were shown only one stimulus set per session and stimulus sets were 

counterbalanced across participants and sessions. Participants were required to respond 

with which of the faces in the pair was shown. Between each trial, a fixation cross was 

shown for 500 ms. At the onset of each trial, a bare face was shown for 500 ms, followed 

by the stimulus presentation for 100 ms and 7900 ms to make a choice. 

 

 

EPILT: Table S1 and Figure 3a help explain the specifics of this paradigm. For 

the training phase, there were 160 trials of four different stimulus pairings. In each trial, 

participants saw a fixation cross for 1000 ms, followed by the presentation of a stimulus 

pair of different landscapes and up to 8000 ms to make a choice of which one is the most 

valuable of the images, which was then followed by feedback on the choice that was 

shown for 1000 ms. Four different sets of stimuli were used (4 image pairs per set), and 

participants only received one set per session. Stimulus sets were counterbalanced across 

participants and sessions. 
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The transfer phase had a similar trial procedure as the training phase, though no 

feedback was given on responses. Across the 72 trials, the original pairings were each 

shown 4 times, but the rest of the trials presented mismatched pairs that the participant 

had to decide which of the pair they thought was better. An explanation of the four 

transfer pairings used for analysis are explained below. 1) Frequent Winner [FW] vs. 

Frequent Loss Avoider [FLA] is the relative sensitivity to gain versus loss avoidance. 2) 

Frequent Winner [FW] versus Infrequent Winner [IW] is the relative sensitivity to 

frequency of feedback about gain. 3) Frequent Winner [FW] vs. Frequent Loser [FL] is 

the relative sensitivity to gain versus loss. 4) Frequent Loss Avoider [FLA] vs. Infrequent 

Winner [IW] is the relative sensitivity to frequent loss avoidance versus less frequent 

gain. Further breakdown of specific trials for each pairing is presented elsewhere.11 

 

Data Analysis:  

All analyses were done using R in RStudio 1.0.143. We used the following 

packages for analyses: tidyverse (Wickham et al., 2019), plyr (Wickham, 2009), psych 

(Revelle, 2018), irr (Gamer, 2019), car (Fox, Sage, et al., n.d.), heplots (Fox, Friendly, et 

al., n.d.; Friendly, 2010), lme4 (Bates Douglas Maechler Martin Bolker Ben Walker, 

2015), lmerTest (Kuznetsova et al., 2017), CCA (Gonzaléz & Déjean, 2012), and CCP 

(Menzel, 2012). Missing data were removed pairwise when indicated (such as in test-

retest reliability analyses).  

 

 

 

https://paperpile.com/c/W98oZu/FSOf9
https://paperpile.com/c/W98oZu/N1vuv
https://paperpile.com/c/W98oZu/bkJyz
https://paperpile.com/c/W98oZu/pboN8
https://paperpile.com/c/W98oZu/xe2yo
https://paperpile.com/c/W98oZu/eplL7+MeM2S
https://paperpile.com/c/W98oZu/eplL7+MeM2S
https://paperpile.com/c/W98oZu/avVGX
https://paperpile.com/c/W98oZu/avVGX
https://paperpile.com/c/W98oZu/e5gK3
https://paperpile.com/c/W98oZu/HTPCo
https://paperpile.com/c/W98oZu/ugmPe
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Supplemental Results 

IPILT: 

Reliability: Similarly, to Session 1, Cronbach’s α was used to assess the internal 

consistency at Session 2. As seen in Table S1, the internal consistency for both the 

IPILT-P and IPILT-N were at acceptable levels that were similar to Session 1. Notably, 

the response bias for the IPILT-P for all groups aside from SczA dropped somewhat in 

internal consistency. 

 

IPILT reliability was reassessed with taking out the “Eyes Big and Small” stimulus set, 

after determining is was significantly more difficult than the other stimulus sets. Internal 

consistency remained high and was similar to the full dataset. Test-retest reliability 

improved somewhat for IPILT-N d’, but it remained poor for all other parameters 

(Supplemental Figure 2.1). Therefore, we determined it was most appropriate to retain all 

of the data for this report. 

 

Practice Effects/Multilevel Models: Compared to HC, on the IPILT-P people with 

Scz had decreasing bias as Age increased (b = -0.409, t(378) = -2.26, p = 0.025; Table 

S5). This relationship was further complicated by adding in Session; Scz had decreasing 

bias as Age increased at Session 1, but increasing bias as Age increased at Session 2 (b = 

0.445, t(249) = 2.45, p = 0.015). Also, males had decreasing bias with increasing Age, 

whereas females had increasing bias with increasing Age (b = 0.531, t(241) = 2.36, p = 

0.019). 
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For the IPILT-N, the Session x Group interaction discussed in the main text was 

further complicated when adding Age, where Age did not affect bias for SczA in Session 

1, but bias significantly increased with Age for Session 2 (b = 0.529, t(244) = 2.53, p = 

0.012). Bias away from punishment increase with Age (b = 0.235, t(479) = 2.52, p = 

0.012). Compared to HC, bias was higher for people with SczA (b = 0.389, t(479) = 2.58, 

p = 0.010). 

 

Repeatability: For the IPILT-P in Session 2 (Supplemental Figure 2.2a), all 

Groups showed a positive response bias toward reward (model intercept: F(1,224) = 

140.5, p < .0001, η2
p = 0.385), as expected, and there were no significant Group 

differences (F(3,224) = 1.1, p = 0.341, η2
p = 0.015). However, performance differed from 

Session 1 as we did not observe a main effect of Block (F(2,223) = 0.1, p = 0.873, η2
p = 

0.001) or Group x Block interaction (F(6,448) = 0.9, p = 0.512, η2
p = 0.012). 

 

For the Session 2 IPILT-N (Supplemental Figure 2.2b), participants did not have a 

response bias away from punishment (model intercept: F(1,224) = 3.9, p = 0.051, η2
p = 

0.017), inconsistent with Session 1 and previous reports.24 A significant effect of Block 

was again observed (F(2,223) = 8.6, p = 0.0002, η2
p = 0.072), and this bias away from 

punished stimuli increased over blocks. A main effect of Group (F(3,224) = 1.1, p = 

0335, η2
p = 0.015) was not also observed in this session. No Group x Block interaction 

(F(6,448) = 1.3, p = 0.272, η2
p = 0.017) was found which is consistent with Session 1. 
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Relationship to Symptoms: Clinical symptoms did not relate to IPILT-P or IPILT-

N average bias or change in bias in Session 2, reflected by no significant canonical 

correlations. 

 

EPILT: 

Reliability: EPILT Training and Transfer phases had similar internal consistency 

in both sessions (see Supplemental Table 2.1). HC had even less internal consistency in 

the Transfer phase at Session 2, though the internal consistency for all groups in the 

Transfer phase was already quite poor. 

 

Test-retest reliability for the EPILT transfer phase split by condition is shown in 

Supplemental Table 2.4. Overall, reliability was more variable than using the total score 

(shown in Supplemental Table 23) but was still poor. 

 

Practice Effects/Multilevel Models: There were no other practice effects in the 

training phase, but other effects in the model were significant. BP, SczA, and Scz were 

less accurate than HC on both the 80% and 90% Gain conditions and the 90% Loss 

Avoidance condition (Supplemental Table 2.6). SczA and Scz were also less accurate 

than HC on the 80% Loss Avoidance condition, but BP did not differ. There was also a 

Sex x Age x Group interaction where, compared to HC, males with SczA become more 

accurate as Age increases, but females with SczA become less accurate as Age increases 

(b = -0.090, t(221) = -2.21, p = 0.028). 
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In the transfer phase, for FWvsFLA there was a Session x Sex interaction, where 

males had similar accuracy at both Sessions and females had decreased accuracy at 

Session 2 (b = -0.189, t(225) = -2.44, p = 0.015).  When adding Group into the 

interaction, males still had similar accuracy at each Session, but only female HC were 

less accurate at Session 2 and female Scz were more accurate at Session 2 (b = 0.264, 

t(229) = 2.31, p = 0.022). BP, SczA, and Scz were less accurate than HC on FWvsIW, 

and SczA and Scz were less accurate than HC on FLAvsIW and FWvsFL (Supplemental 

Table 2.7). There is also a Sex x Group interaction where male HC are more accurate 

than female HC, but female BP are more accurate than male BP (b = 0.133, t(224) = 2.40, 

p = 0.017). 

 

Repeatability: In the Session 2 EPILT-Training (Supplemental Figure 2.3a), we 

observed main effects of Block (F(3,213) = 148.5, p < 0.0001, η2
p = 0.676), Probability 

(F(1,215) = 45.6, p < 0.0001, η2
p = 0.175), and Group (F(3,215) = 3.5, p = 0.016 η2

p = 

0.047). Post-hoc analyses revealed that accuracy increased across Block and was higher 

in the 90% conditions compared to the 80% conditions, which repeated previous findings. 

There was no main effect of Valence (F(1,215) = 0.0, p = 0.871, η2
p = 0.000) in Session 

2, unlike Session 1 and previous reports. HC were more accurate than all patient groups, 

who did not differ in their accuracy from each other; this was similar to previous findings 

(Barch et al., 2017).  

 

These main effects are qualified by significant interactions between Block x 

Probability (F(3,213) = 22.5, p < 0.0001, η2
p =0.241) and Group x Valence (F(3,215) = 

https://paperpile.com/c/W98oZu/uTYDw


76 
 

3.8, p = 0.011, η2
p =0.051). For Block x Probability, the 80% condition improved in 

accuracy over blocks more than the 90% condition did, which mirrored the finding in 

Session 1. For Group x Valence, HC were more accurate on Loss Avoidance trials than 

patient groups, where they performed similarly on Gain trials, this interaction differs 

from Session 1.  

 

In the transfer phase (Supplemental Figure 2.3b), there was a main effect of 

Pairing (F(3,213) = 105.9, p < 0.0001, η2
p =0.599), but the interaction between Pairing x 

Group from previous findings was again not seen in Session 2 (F(9,645) = 1.2, p = 0.296, 

η2
p =0.016). Post-hoc contrasts showed that participants were most accurate for FWvsFL 

and FWvsIW and were significantly less accurate for FWvsFLA. No main effect of 

Group was found in Session 2 (F(3,215) = 2.0, p = 0.116, η2
p =0.027), which is similar to 

previous studies (Barch et al., 2017). 

 

Relationship to Symptoms: A significant first canonical variate revealed a 

relationship driven by transfer FWvsIW and FLAvsIW (standardized coefficients = 0.630 

& 0.743) and a negative relationship with BPRS disorganized symptoms (standardized 

coefficient = -0.767). However, this did not generalize to out of sample findings 

(Supplemental Table 2.6). 

  

https://paperpile.com/c/W98oZu/uTYDw
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Supplemental Tables and Figures: 

Supplemental Table 2.1: CNTRaCS6 Tasks and Procedures 

 

Task Number of Trials Dependent Measure(s) Length 

IPILT-P 

180 (Subset of correct 

responses are rewarded 3:1 in 

favor of one stimulus) 

Response Bias (log b) 

Discriminability (d' or 

log d) 
15 min 

IPILT-N 

180 (Subset of correct 

responses are rewarded 3:1 in 

favor of one stimulus) 

 

Response Bias (log b) 

Discriminability (d' or 

log d) 

 

15 min 

EPILT 

Training: 160 (40 each for 

W/NW-90%, W/NW-80%, 

NL/L-90%, NL/L-80%) 

 

Transfer: 72 (58 novel 

combinations; done after 2- and 

4-block versions) 

 

Percent accuracy 

 

 

Bias toward the more 

valuable option in the 

pairing 

20 min 

Note: IPILT = Implicit Probability Incentive Learning Tasks (P = Positive; N = 

Negative); EPLIT = Explicit Probability Incentive Learning Tasks; Length in 

minutes are approximations. 
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Supplemental Table 2.2: Internal Consistency  

  HC BP SczA Scz 

IPILT-P  

Bias 

Session 

1 

0.86 (0.79-

0.90) 

0.77 (0.65-

0.86) 

0.84 (0.75-

0.90) 

0.88 (0.82-

0.92) 

Session 

2 

0.69 (0.54-

0.80) 

0.67 (0.48-

0.79) 

0.75 (0.60-

0.85) 

0.88 (0.82-

0.92) 

IPILT-P  

Discriminabi

lity 

Session 

1 

0.87 (0.82-

0.92) 

0.84 (0.76-

0.90) 

0.90 (0.84-

0.93) 

0.84 (0.76-

0.90) 

Session 

2 

0.87 (0.81-

0.92) 

0.86 (0.78-

0.91) 

0.90 (0.85-

0.94) 

0.89 (0.83-

0.93) 

IPILT-N  

Bias 

Session 

1 

0.77 (0.66-

0.85) 

0.84 (0.75-

0.90) 

0.78 (0.66-

0.87) 

0.89 (0.84-

0.93) 

Session 

2 

0.77 (0.66-

0.85) 

0.87 (0.80-

0.92) 

0.86 (0.78-

0.92) 

0.91 (0.87-

0.94) 

IPILT-N  

Discriminabi

lity 

Session 

1 

0.89 (0.84-

0.93) 

0.85 (0.76-

0.90) 

0.92 (0.87-

0.95) 

0.85 (0.78-

0.91) 

Session 

2 

0.91 (0.86-

0.94) 

0.83 (0.73-

0.89) 

0.91 (0.85-

0.94) 

0.89 (0.83-

0.93) 

EPILT  

Training 

Session 

1 

0.85 (0.79-

0.89) 

0.77 (0.68-

0.85) 

0.81 (0.72-

0.88) 

0.86 (0.80-

0.90) 

Session 

2 

0.77 (0.68-

0.84) 

0.84 (0.77-

0.89) 

0.89 (0.83-

0.93) 

0.83 (0.76-

0.89) 

EPILT  

Transfer 

Session 

1 

0.48 (0.27-

0.65) 

0.58 (0.37-

0.73) 

0.41 (0.09-

0.64) 

0.41 (0.15-

0.61) 

Session 

2 

0.25 (-0.07-

0.50) 

0.46 (0.19-

0.65) 

0.53 (0.28-

0.71) 

0.41 (0.13-

0.62) 

Note: Numbers reported are Cronbach’s alphas with the 95%  confidence intervals in 

parentheses. 
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Supplemental Table 2.3: Test-Retest Reliability  

  HC BP SczA Scz 

IPILT-P  

Bias 
0.39 (0.17-

0.57) 
-0.23 (-0.45-0.02) 0.33 (0.06-0.55) 

0.06 (-0.17-

0.29) 

IPILT-P  

Discriminability 
0.58 (0.40-

0.72) 
0.52 (0.30-0.69) 0.41 (0.16-0.62) 

0.63 (0.45-

0.75) 

IPILT-N  

Bias 
-0.01 (-0.25-

0.23) 
0.25 (-0.01- 0.48) -0.09 (-0.31-0.16) 

0.01 (-0.22-

0.25) 

IPILT-N  

Discriminability 
0.38 (0.16-

0.56) 
0.45 (0.21-0.63) 0.43 (0.18-0.63) 

0.47 (0.25-

0.64) 

EPILT 

Training 
0.63 (0.46-

0.75) 
0.55 (0.34-0.71) 0.60 (0.36-0.76) 

0.64 (0.46-

0.77) 

EPILT 

Transfer 
0.19 (-0.05-

0.41) 
0.27 (0.01-0.5) 0.19 (-0.09-0.45) 

0.21 (-0.04-

0.43) 

Note: Numbers reported are Intraclass correlations with the 95% confidence intervals in 

parentheses. 

 

 

 

 

 

Supplemental Table 2.4: Test-Retest Reliability for the EPILT Transfer, Split By Condition 

  HC BP SczA Scz 

FWvsFL 

(8 trials) 0.22 (-0.02-0.43) 0.19 (-0.08-0.43) 0.23 (-0.04-0.47) 0.12 (-0.14-0.37) 

FWvsIW 

(12 trials) 0.18 (-0.06-0.40) 0.30 (0.05-0.52) 0.44 (0.17-0.65) 0.12 (-0.15-0.37) 

FWvsFLA 

(16 trials) 0.10 (-0.14-0.33) 0.44 (0.19-0.63) 0.31 (0.01-0.55) 0.32 (0.06-0.53) 

FLAvsIW 

(8 trials) 0.38 (0.16-0.57) 0.26 (0.01-0.49) 0.22 (-0.08-0.48) 0.35 (0.10-0.56) 

Note: Numbers reported are Intraclass correlations with the 95%  confidence intervals in 

parentheses. 
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Estim SE df t p Estim SE df t p

Intercept 0.65 0.11 402.16 5.72 0 0.14 0.1 470.26 1.31 0.192

Session 2 0.06 0.12 251.27 0.46 0.643 -0.07 0.14 245.38 -0.53 0.597

Sex- Female -0.16 0.15 245.69 -1.08 0.283 0.03 0.08 240.99 0.41 0.684

Age 0.05 0.1 415.06 0.44 0.662 0.23 0.09 478.77 2.52 0.012

Group- BP -0.24 0.19 369.69 -1.29 0.199 -0.05 0.15 478.53 -0.35 0.725

Group- SczA -0.03 0.17 405.09 -0.2 0.843 0.39 0.15 478.79 2.58 0.01

Group- Scz -0.23 0.17 393.43 -1.35 0.177 -0.14 0.14 478.78 -1 0.319

Session 2 x Age -0.03 0.12 253.59 -0.25 0.802 -0.24 0.13 247.52 -1.77 0.078

Session 2 x BP 0.18 0.19 250.31 0.95 0.344 -0.02 0.21 243.51 -0.12 0.905

Session 2 x SczA -0.04 0.19 250.61 -0.21 0.837 -0.45 0.21 242.39 -2.1 0.037

Session 2 x Scz 0.38 0.18 248.22 2.14 0.033 0.34 0.2 242.99 1.7 0.09

Age x BP -0.17 0.18 378.75 -0.92 0.357 -0.08 0.14 478.77 -0.57 0.572

Age x SczA -0.27 0.16 417.03 -1.66 0.097 -0.17 0.15 478.78 -1.15 0.252

Age x Scz -0.41 0.18 377.53 -2.26 0.025 -0.18 0.14 478.59 -1.27 0.205

Female x Age -0.17 0.14 245.46 -1.23 0.219 - - - - -

Female x BP 0.03 0.22 242.73 0.13 0.897 - - - - -

Female x SczA -0.14 0.22 245.92 -0.64 0.523 - - - - -

Female x Scz -0.16 0.22 242.53 -0.73 0.468 - - - - -

Session 2 x Age x BP 0.1 0.18 252.1 0.55 0.58 0.11 0.2 245.43 0.54 0.589

Session 2 x Age x SczA 0.14 0.19 254.17 0.76 0.448 0.53 0.21 243.51 2.53 0.012

Session 2 x Age x Scz 0.45 0.18 248.99 2.45 0.015 0.13 0.2 244.8 0.66 0.511

Female x Age x BP 0.28 0.22 243.57 1.29 0.2 - - - - -

Female x Age x SczA 0.32 0.22 248.44 1.41 0.159 - - - - -

Female x Age x Scz 0.53 0.23 241.09 2.36 0.019 - - - - -

IPILT-N

Note: The reference point for Session 2 is Session 1, for Sex it is male, and for Group it was HC. Age was a mean centered and scaled continuous 

variable and the unit of change is SD. Models were reduced to exclude non-significant interactions, except when it was a non-significant two-way 

interaction that is a lower-order relationship of a significant three-way interaction. 

Supplemental Table 2.5: IPILT-P and IPILT-N Multilevel Models

IPILT-P
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Estim SE df t p Estim SE df t p

0.74 0.02 416.45 41.54 0 0.77 0.02 371.67 36.79 0

-0.03 0.02 221.29 -1.59 0.113 -0.02 0.02 222.43 -0.88 0.38

0 0.01 225.76 0.16 0.875 0.03 0.02 231.33 1.72 0.087

-0.01 0.01 231.43 -1.63 0.104 -0.01 0.01 236.25 -0.73 0.467

-0.06 0.03 440.65 -2.55 0.011 -0.07 0.03 400.46 -2.28 0.023

-0.09 0.03 444.4 -3.37 0.001 -0.06 0.03 408.86 -2.1 0.036

-0.06 0.02 441.21 -2.4 0.017 -0.06 0.03 400.17 -2.01 0.045

0.07 0.03 221.32 2.12 0.035 0.07 0.03 222.5 2.23 0.027

0.09 0.03 226.31 2.63 0.009 0.02 0.03 226.9 0.69 0.489

0 0.03 224.91 0.09 0.926 0.03 0.03 225.59 0.94 0.346

Estim SE df t p Estim SE df t p

0.71 0.02 247.16 39.92 0 0.76 0.02 274.27 45.58 0

0.03 0.01 225.05 2.75 0.007 0.03 0.01 230.99 2.96 0.003

0 0.03 216.24 0.07 0.945 0.02 0.02 235.46 1.43 0.153

-0.01 0.02 223.86 -0.59 0.557 0 0.01 240.05 -0.44 0.657

-0.04 0.03 216.47 -1.46 0.145 -0.07 0.02 234.23 -3.05 0.003

-0.07 0.03 222.89 -2.72 0.007 -0.08 0.02 238.23 -3.58 0

-0.06 0.03 219.1 -2.22 0.028 -0.08 0.02 237.27 -3.64 0

0.01 0.03 217.28 0.28 0.78 - - - - -

0.03 0.02 226.28 1.17 0.242 - - - - -

0.01 0.03 231.42 0.34 0.735 - - - - -

0.02 0.02 217.06 0.94 0.346 - - - - -

0.01 0.04 216.49 0.37 0.715 - - - - -

0.03 0.04 217.39 0.72 0.472 - - - - -

0 0.04 218.71 -0.11 0.909 - - - - -

-0.02 0.04 218.32 -0.58 0.561 - - - - -

-0.09 0.04 221.13 -2.21 0.028 - - - - -

-0.02 0.04 224.62 -0.5 0.616 - - - - -

Note: The reference point for Session 2 is Session 1, for Sex it is male, and for Group it was HC. Age was a mean centered and scaled 

continuous variable and the unit of change is SD. Models were reduced to exclude non-significant interactions, except when it was a non-

significant two-way interaction that is a lower-order relationship of a significant three-way interaction.

Female x SczA

Female x BP

Female x Scz

Female x Age x BP

Female x Age x SczA

Female x Age x Scz

Group- SczA

Group- Scz

Age x BP

Age x SczA

Age x Scz

Female x Age

Intercept

Session 2

Sex- Female

Age

Group- BP

Session 2 x BP

Session 2 x SczA

Session 2 x Scz

EPILT Avoid Loss 80% EPILT Avoid Loss 90%

Session 2

Sex- Female

Age

Group- BP

Group- SczA

Group- Scz

Supplemental Table 2.6: Multilevel Models for the EPILT Training Conditions

EPILT Gain 80% EPILT Gain 90%

Intercept
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Estim SE df t p Estim SE df t p

Intercept 0.7 0.04 423.19 16.39 0 0.93 0.03 360.65 32.96 0

Session 2 0.03 0.05 226.33 0.65 0.519 -0.02 0.03 223.77 -0.79 0.428

Sex- Female -0.03 0.06 423.16 -0.41 0.681 -0.04 0.04 224.38 -1.21 0.228

Age -0.02 0.01 238.14 -1.19 0.236 -0.01 0.01 231.79 -0.79 0.432

Group- BP -0.12 0.07 426.44 -1.64 0.103 -0.16 0.05 338.08 -3.47 0.001

Group- SczA -0.08 0.07 431.52 -1.26 0.208 -0.09 0.04 377.73 -2.11 0.036

Group- Scz -0.08 0.06 423.05 -1.33 0.183 -0.14 0.04 367.29 -3.58 0

Session 2 x BP -0.06 0.09 224.2 -0.71 0.476 0.12 0.04 223.8 2.83 0.005

Session 2 x SczA -0.03 0.08 232.93 -0.32 0.746 0.06 0.04 228.69 1.27 0.205

Session 2 x Scz -0.03 0.08 229.39 -0.44 0.662 0.05 0.04 227.31 1.18 0.24

Session 2 x Female -0.19 0.08 225.33 -2.44 0.015 - - - - -

Female x BP 0.07 0.1 425.76 0.7 0.481 0.13 0.06 224.14 2.4 0.017

Female x SczA 0.06 0.1 428.6 0.65 0.518 0.02 0.06 228.54 0.32 0.751

Female x Scz -0.01 0.09 423.75 -0.09 0.929 0.09 0.05 228.03 1.66 0.098

Session 2 x Female x BP 0.22 0.12 224.84 1.89 0.06 - - - - -

Session 2 x Female x SczA 0.16 0.12 229.47 1.36 0.176 - - - - -

Session 2 x Female x Scz 0.26 0.11 228.76 2.31 0.022 - - - - -

Estim SE df t p Estim SE df t p

Intercept 0.84 0.03 395.26 27.82 0 0.88 0.02 303.54 38.61 0

Session 2 -0.04 0.03 232.57 -1.12 0.265 0.02 0.02 235.84 1.37 0.171

Sex- Female 0.04 0.03 239.72 1.48 0.141 0.02 0.02 233.19 0.95 0.342

Age 0.01 0.01 244.98 0.44 0.661 0 0.01 238.94 -0.11 0.914

Group- BP -0.07 0.04 421.6 -1.74 0.082 -0.03 0.03 231.58 -1.19 0.233

Group- SczA -0.14 0.04 427.79 -3.14 0.002 -0.07 0.03 236.56 -2.32 0.021

Group- Scz -0.13 0.04 421.7 -3.28 0.001 -0.1 0.03 235.41 -3.62 0

Session 2 x BP 0.11 0.05 232.63 2.3 0.022 - - - - -

Session 2 x SczA 0.08 0.05 237.31 1.52 0.131 - - - - -

Session 2 x Scz 0.06 0.05 235.95 1.31 0.192 - - - - -

Supplemental Table 2.7: Multilevel Models for the EPILT Transfer Pairings

EPILT FWvsFLA EPILT FWvsIW

EPILT FLAvsIW EPILT FWvsFL

Note: The reference point for Session 2 is Session 1, for Sex it is male, and for Group it was HC. Age was a mean centered and scaled continuous 

variable and the unit of change is SD. Models were reduced to exclude non-significant interactions, except when it was a non-significant two-way 

interaction that is a lower-order relationship of a significant three-way interaction.
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Supplemental Table 2.8: EPILT Standardized 

Coefficients for First Canonical Dimension 

  Session 

1 

Variate 

1 

Session 

2 

Variate 

1 

Canonical Correlation 0.372 0.465 

Magnitude (p) (0.018) (0.002) 

Behavi

or 

Variate 

Set 

Gain Acc 0.148 0.076 

Lose Acc 0.988 -0.429 

FWvsIW -0.180 0.630 

FLAvsIW -0.001 0.743 

FWvsFLA 0.019 0.095 

Clinica

l 

Variate 

Set 

CAINS 

Anhedonia 
-0.354 -0.398 

CAINS Blunting 0.449 -0.481 

BPRS Negative -0.407 0.403 

BPRS Positive -0.823 -0.130 

BPRS 

Disorganization 
0.061 -0.767 

BPRS Mania -0.617 0.088 

BPRS Depression 0.093 0.590 

YMRS 0.989 0.319 

BDRS -0.272 -0.384 

Note: Due to lack of cross-validated 

generalization and inconsistency in correlated 

variables between sessions, we did not further 

interpret these results. For Session 1, the cross-

validated correlated for the first variate was 

0.009 (1.00) and for Session 2 it was 0.268 

(1.00). 
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Chapter 3 (Study 2): Comparing Properties of Observed Metrics and 

Computational Parameters of Working Memory 

 

Foreword: This chapter was written in collaboration with Leah M. Feuerstahler, James 

M. Gold, Steven J. Luck, Deanna M. Barch, Cameron S. Carter,  J. Daniel Ragland, 

Steven M. Silverstein, and Angus W. MacDonald, III, who edited versions of this 

manuscript. 

 

Abstract 

 Computational psychiatry is revolutionizing the way that we approach our 

analysis and interpretation of performance on assessments of cognition. New models 

have allowed researchers to parse performance of tasks to more specific cognitive 

domains, pushing us closer to understanding underlying mechanisms. However, very few 

studies have tried to establish the psychometric properties and replicability of these 

parameters. In this study, we compare the reliability, practice effects, replicability, and 

relationship to symptoms for observed variables versus computational parameters using a 

working memory task, Change Detection. We also tested the reliability and replicability 

of a similar, but more straightforward test of working memory, Change Localization. We 

find that overall, both the observed and computational variables have acceptable 

reliability, but the observed measures were more reliable. Equivalent practice effects 

were found across the observed and computational variables, except for the 

attention/catch condition for both. The computational parameters appear more sensitive 

to group differences, but do not necessarily replicate previous findings on this task. 

Neither sets of variables had a relationship to symptoms. Overall, these tasks appear to be 
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good candidates for use in future experiments and the computational variables appear to 

be a good adjunct to the observed measures. 
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3.1 Introduction 

With increasing momentum, the methods of computational psychiatry are 

revolutionizing the way we understand mental illness. At the intersection of psychiatry 

and computational neuroscience, computational psychiatry consists of both data-driven, 

discovery-oriented machine learning methods as well as theory-driven models that 

identify meaningful hidden variables (Huys et al., 2016; Krystal et al., 2017; Valton et al., 

2017). These approaches provide ways of examining relationships that may not be seen 

through summary statistics of observable variables (Krystal et al., 2017), create new 

theories to uncover poorly understood mechanisms (X.-J. Wang & Krystal, 2014), and 

have the potential to lead to individualized treatments that can ameliorate specific 

symptoms and subjective suffering in people with less trial-and-error (Bzdok & Meyer-

Lindenberg, 2018). 

 

Despite the potential of computational psychiatry, these methods do not guarantee 

reliable estimation of individual differences. It is crucial to establish reliable estimates for 

at least two reasons. The first is that reliability is often considered an upper limit of 

practical validity as indexed by correlations with, or prediction of, other constructs (Heise 

& Bohrnstedt, 1970). The second is that reliability, and in particular retest reliability, is 

crucial for determining the signal-to-noise in measures of inter- and intra-individual 

differences (Henry, 1959; Leue et al., 2013). For example, less reliable tests require a 

greater number of participants to measure change compared to a more reliable test of the 

same trait. Computational approaches are as varied and numerous as behavioral assays, 

and it will take time for general principles to emerge. Here we present a case study 

https://paperpile.com/c/W98oZu/3kXmD+ICEWz+3D8s3
https://paperpile.com/c/W98oZu/3kXmD+ICEWz+3D8s3
https://paperpile.com/c/W98oZu/ICEWz
https://paperpile.com/c/W98oZu/XzU1h
https://paperpile.com/c/W98oZu/hjzHA
https://paperpile.com/c/W98oZu/hjzHA
https://paperpile.com/c/W98oZu/SkueD
https://paperpile.com/c/W98oZu/SkueD
https://paperpile.com/c/W98oZu/ZzpcJ+0HUjm
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comparing classic measurement methods to computational approaches in a cognitive 

domain of central importance to many theories in psychiatry, that of working memory. 

 

A deficit in working memory, which is responsible for temporarily maintaining, 

processing, and manipulating information, may be particularly significant for psychosis-

spectrum disorders (Baddeley, 1992; Park & Gooding, 2014; Salloway et al., 2008). This 

deficit is sufficiently marked in individuals with clinical diagnoses and in the prodrome 

to diagnoses that scholars have called it a trait characteristic and an endophenotypic 

marker of liability (Park & Gooding, 2014). For people with psychosis, the extent of their 

working memory deficit has shown to be related to social, self-care, and community 

functioning (Alden et al., 2015; Chun et al., 2020; Takahashi et al., 2005). Further, 

impaired working memory appears to relate to symptoms of disorganization (Takahashi 

et al., 2005) and negative symptoms broadly (Cameron et al., 2002; Takahashi et al., 

2005), though this deficit remains even when symptoms are ameriolated (Snyder et al., 

2008). Working memory is also thought to be a core process of general cognitive ability 

(Bowren et al., 2020; Chen et al., 2019; Colom et al., 2004; Kyllonen & Christal, 1990; 

Süß et al., 2002). Therefore, it is a particularly apt domain for comparing classic 

psychometric to computational approaches. 

 

Traditional paradigms used to assess working memory are often impacted by 

impairments in motivation, attention, and executive control (Adams et al., 2018; Gold et 

al., 2019; Süß et al., 2002). Therefore, efforts have been made to find paradigms that 

measure working memory more independently of general cognition. The Cognitive 

https://paperpile.com/c/W98oZu/RWNLK+7xwrP+PmCyC
https://paperpile.com/c/W98oZu/7xwrP
https://paperpile.com/c/W98oZu/6Neeo+UOIdf+hpTP3
https://paperpile.com/c/W98oZu/UOIdf
https://paperpile.com/c/W98oZu/UOIdf
https://paperpile.com/c/W98oZu/UOIdf+vUX18
https://paperpile.com/c/W98oZu/UOIdf+vUX18
https://paperpile.com/c/W98oZu/cm24b
https://paperpile.com/c/W98oZu/cm24b
https://paperpile.com/c/W98oZu/iMQTt+Xm4hf+uCanc+5FHw5+oi1wz
https://paperpile.com/c/W98oZu/iMQTt+Xm4hf+uCanc+5FHw5+oi1wz
https://paperpile.com/c/W98oZu/Xm4hf+WmpYj+ofo4K
https://paperpile.com/c/W98oZu/Xm4hf+WmpYj+ofo4K
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Neuroscience Test Reliability and Clinical applications for Serious mental illness 

(CNTRaCS) consortium adapted tasks from the cognitive neuroscience and individual 

differences literature to better capture working memory ability, including change 

detection, change localization, running span, and an adaptive running span (Gold et al., 

2019). One further effort CNTRaCS has made toward finding an interpretable measure of 

working memory is altering one of these promising paradigms, Change Detection, so that 

modeling could be used to better characterize the data. These models allow for the 

calculation of latent working memory capacity (K) which could be calculated in a way 

that is not as clouded by the other cognitive domains involved in performing this task, 

such as attention (A) and guessing (G) which could be calculated independently 

(Feuerstahler et al., 2019). 

 

Examining computational parameters such as K, A, and G has been a promising 

direction for the field of clinical cognitive neuroscience to understand the underlying 

cognitive mechanisms and identify new treatment targets. However, little is known about 

how the reliability of these computational parameters compare to the observed variables 

that have traditionally been studied. In one study, the reliability of three computational 

parameters stemming from the Theory of Visual Attention was examined in chronic 

stroke patients (Richard et al., 2020). This study found good reliability for short-term 

memory capacity, but fair to moderate reliability for processing speed and perceptual 

threshold (Richard et al., 2020). Another recent study compared the test-retest reliability 

and internal consistency of several computational measures of model-based planning in 

compulsivity using multiple model estimation, model parameterization, and data cleaning 

https://paperpile.com/c/W98oZu/ofo4K
https://paperpile.com/c/W98oZu/ofo4K
https://paperpile.com/c/W98oZu/QymH6
https://paperpile.com/c/W98oZu/Zg1Jt
https://paperpile.com/c/W98oZu/Zg1Jt
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methods (Brown et al., 2020). The authors found that model-based planning could be 

measured reliably, but that it was highly variable dependent on the model estimation and 

parameterization, with model-calculated hierarchical approaches leading to the highest 

reliability (Brown et al., 2020). Therefore, while these computational methods appear 

promising, the basic psychometric properties of these parameters and how they compare 

to overserved variables is still largely unknown. This knowledge is needed to ensure that 

these models can be utilized in a reproducible and impactful manner. 

 

As we approach a solution to measuring working memory more specifically, it is 

imperative to establish the psychometric properties of these tools before they can be 

utilized in clinical assessments and controlled trials. Therefore, in this study we aim to 1) 

establish and compare the reliability of observed measures and computational parameters 

(when available) from several promising working memory paradigms, 2) examine 

practice effects on these tasks across sessions, 3) replicate the behavioral findings from 

Gold et al., 2019, and 4) inspect the relationships between task performance and clinical 

symptoms. Another important purpose of these aims is to compare the utility of 

computational parameters to more traditional observed measures. For brevity, the body of 

this manuscript focuses on the Change Detection task but results for the Change 

Localization task can be found in the supplementary results. 

 

3.2 Methods 

Participants: 

https://paperpile.com/c/W98oZu/x7c6D
https://paperpile.com/c/W98oZu/x7c6D
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313 participants were recruited: 75 healthy controls (HC), 62 people with bipolar 

disorder with psychotic features (BP), 85 people with schizoaffective disorder (SczA; 25 

unmedicated), and 91 people with schizophrenia (Scz; 23 unmedicated). Participants gave 

written, informed consent. Only medicated patients were included in this study, as 

unmedicated participants were not retested. Other reasons for exclusion (n=5) are 

described elsewhere (Pratt et al., 2020). Data were collected nearly equally across all five 

sites of the CNTRACS consortium (University of California–Davis, Maryland 

Psychiatric Research Center at the University of Maryland School of Medicine, Rutgers 

University, University of Minnesota–Twin Cities, and the coordinating site at 

Washington University in St. Louis). Inclusion and exclusion criteria and further details 

are described elsewhere (Pratt et al., 2020). Demographic information is reported in 

Table 3.1. 

 

Tasks and Procedures:  

Participants completed three visits. The first visit consisted of an IQ screen, 

diagnostic interview, and clinical and functional scales. Clinical symptoms were rated 

using the Brief Psychiatric Rating Scale (BPRS; Ventura et al., 2000), the Young Mania 

Rating Scale (YMRS; Young et al., 1978), the Bipolar Depression Rating Scale (BDRS; 

Berk et al., 2007), and the Clinical Assessment Interview for Negative Symptoms 

(CAINS; Kring et al., 2013).  All raters achieved agreement (ICC ≥ 0.80) with “gold 

standard” ratings to create good interrater reliability with a drift prevention interview 

rated across sites every 2-4 weeks throughout. Summary information about these clinical 

scales can be found in Table 3.1. 

https://paperpile.com/c/W98oZu/g4pef
https://paperpile.com/c/W98oZu/g4pef
https://paperpile.com/c/W98oZu/LwITr
https://paperpile.com/c/W98oZu/f8aHh
https://paperpile.com/c/W98oZu/FODm7
https://paperpile.com/c/W98oZu/D28YK
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Following the baseline clinical visit, two sets of cognitive testing sessions, 

referred to here as Time 1 and Time 2, were completed approximately one month apart. 

The cognitive tasks in this paper are explained below and in the supplemental methods.  

Other testing procedures can be found in a previous study (Pratt et al., 2020). 

 

Change Detection (CD): For each trial, participants saw a 5-item encoding array 

followed by, after a delay,  a testing array in which 0, 1, 2, or 5 of the items changed and 

participants were instructed to indicate whether there was a change or not (Feuerstahler et 

al., 2019; Gold et al., 2019). The encoding array was shown for 500 ms and the items 

were evenly spaced colored shapes around an imaginary circle. This was followed by a 

1000 ms delay and then the testing array, which had the same number of items/spacing as 

the encoding array. 60 trials of each type were presented, resulting in 240 trials.  

 

This task differs slightly from the standard change detection paradigm, in which 

the number of changes was either 0 or 1 (Luck & Vogel, 2013). This new version makes 

it possible to estimate accuracy and three computational modeling parameters: working 

memory capacity (K), the probability that the participant was paying attention on a given 

trial (A), and the probability that the participant indicated a change if No-change was 

present in working memory, which approximates guessing (G). These parameters, along 

with overall accuracy (proportion correct), were the dependent measures (Feuerstahler et 

al., 2019).  

 

https://paperpile.com/c/W98oZu/g4pef
https://paperpile.com/c/W98oZu/ofo4K+QymH6
https://paperpile.com/c/W98oZu/ofo4K+QymH6
https://paperpile.com/c/W98oZu/U6nMb
https://paperpile.com/c/W98oZu/QymH6
https://paperpile.com/c/W98oZu/QymH6
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Data Analysis:  

Reliability: The internal consistency of the observable dependent measures at 

each testing session was calculated as Cronbach’s α and the mean corrected item-total 

correlation (ITC) using the trial-by-trial data. Internal consistency of the computational 

parameters was calculated as split-half reliability using Spearman-Brown Prophecy 

corrected correlations. Test-retest reliability was assessed using Intraclass Correlations 

(ICCs). A two-way random effects model assessing degree of agreement between testing 

sessions was utilized (McGraw & Wong formula ICC(A,1); McGraw & Wong, 1996; 

Shrout & Fleiss, 1979) 

 

Practice Effects: Practice effects analyses were modeled after (M. E. Strauss et 

al., 2014). Multilevel modeling was utilized for each task with Session as a within-

subjects predictor and Diagnosis, mean-centered Age, and Sex as between-subjects 

predictors as well as the higher order interactions. For each model, non-significant 

interactions were dropped for model simplicity except the Diagnosis by Session 

interaction, which was always retained. 

 

Replication: As in Gold et al. (2019), ANOVAs were used to assess the effect of 

diagnosis (and condition when applicable) on each of the working memory variables. 

Only results from the first cognitive testing session are reported in this chapter. 

Previously, Gold et al. (2019) also examined the effect of recruitment site in this model 

but did not observe any effects for these tasks. Therefore, recruitment site was not 

included in the analyses presented here. 

https://paperpile.com/c/W98oZu/rC35c+SMO2D
https://paperpile.com/c/W98oZu/rC35c+SMO2D
https://paperpile.com/c/W98oZu/vSCt1
https://paperpile.com/c/W98oZu/vSCt1
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Clinical Relationships: To assess the relationship of clinical symptoms with 

working memory paradigms, we implemented two canonical correlations with a 10-fold 

cross-validation including 1) the observed measures from both Change Detection and 

Change Localization and 2) the computational parameters from Change Detection. The 

clinical symptoms of interest were the BPRS scores for positive, negative, depression, 

mania, and disorganized symptoms, YMRS total score, BDRS total score, CAINS 

Motivation and Pleasure, and CAINS Expression. 

 

3.3 Results 

Reliability: Internal consistency was assessed separately for the accuracy of each 

group and each condition of the task. Cronbach’s 𝛼 was high for the observed measures, 

and ITC were generally acceptable (Figure 3.2a and 3.2b). Spearman-Brown Prophecy 

Corrected correlations for the computational parameters were moderate to strong for 

working memory capacity and strong for the attention and guessing parameters (Figure 

3.2c).  

 

Test-Retest reliability was acceptable for CD accuracy, as well (Figure 3.2d). 

When broken down by condition, the Five-change condition for most groups and No-

change condition for HC had significantly lower reliability than the rest of the test (ICC < 

0.4).  For the computational parameters, working memory capacity and guessing 

parameters were fair to good, but the attention parameter HC had poor reliability (Figure 

3.2e). 
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Practice Effects: There was a main effect of time for the total accuracy of the 

Change Detection test (b = 0.011, t(236) = 2.55, p = 0.012). There was also a main effect 

of time for the No-change (b = -0.024, t(236) = -3.09, p = 0.002), One-Change (b = 

0.041, t(236) = 5.04, p < 0.0001) and Two-Change (b = 0.030, t(236) = 4.09, p < 0.0001) 

conditions. There were no effects of time for the Five Change (b = -0.002, t(236) = -0.42, 

p = 0.677) condition. Any main effects of age, sex, and diagnosis as well as any 

interactions for all conditions are in the supplemental results. 

 

  K (b = 0.244, t(244) = 4.65, p < 0.000) and G (b = 0.021, t(233) = 2.60, p = 0.011) 

exhibited a main effect of time, but A (b = -0.007, t(225) = -0.73, p = 0.464) did not. 

There were no interaction effects with time for any of the computational parameters, and 

the full model is reported in the supplemental results. 

 

Replication: There was a main effect of both group (F(3,992) = 17.4, p < 0.0001) 

and condition (F(3,992) = 393.5, p < 0.0001) on CD accuracy, but no interaction between 

the two (Figure 3.3a). HC were more accurate than all patient groups and all conditions 

differed from each other. Though no interaction was present in this analysis, Figure 3.3a 

shows accuracy by condition and group differences within it. 

 

A significant main effect of group was found for K (F(3,250) = 4.8, p = 0.003; 

Figure 3.3b). Post-hoc testing revealed that HC had a higher K than BP and SczA. A 

main effect of group was also found for A (F(3,250) = 5.3, p = 0.001; Figure 3.3c). Post-
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hoc tests showed this was primarily driven by a higher A in HC than SczA. G also 

exhibited a main effect of group (F(3,250) = 6.1, p < 0.001; Figure 3.3d), driven by more 

guessing in SczA and Scz compared to HC. 

 

Clinical Relationships: There were no significant relationships between either the 

observed variables or the computational parameters and clinical variables. 

 

3.4 Discussion 

We sought to establish and compare the reliability and replicability of observed 

and computational measures of working memory in people with psychosis. We did this to 

1) understand the utility of several working memory paradigms for clinical trials of novel 

interventions and 2) establish whether computational parameters were more or less 

reliable and stable versus observed variables when measuring individual differences. We 

found the different conditions of Change Detection all have good internal consistency and 

test-retest reliability. When examining the computational parameters, however, the 

working memory capacity parameter’s (K) internal consistency and K, attention (A), and 

guessing (G) test-retest reliability were notably lower, though potentially still acceptable. 

Observable measures of Change Detection appear to be more susceptible to practice 

effects, though practice effects were also seen for, K. Replicating previous findings, 

healthy controls performed better on this task compared to the clinical groups who 

performed similarly to each other. Lastly, there was a potential, but not conclusive, 

relationship between the Two- and Five-change conditions with depressive and mania 

symptoms. 
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The good to excellent internal consistency of the observable variables of Change 

Detection speaks to the heterogeneity and unidimensionality within the conditions. 

Though previously a Chronbach’s alpha of .90 or higher was suggested for clinical 

purposes (J. C. Nunnally, 1967), others have argued that a value above .90 can mean 

unnecessary redundancy (Streiner, 2003) and a survey of experts recommend values of 

0.60 to 0.88 (Barch et al., 2008). Therefore, this measure would be appropriate for use in 

future experiments and clinical trials. Healthy controls had the lowest internal 

consistency on the Five-change condition, likely because it was the easiest condition akin 

to a “catch” trial and therefore showed little variance. Controls also had the poorest split-

half reliability on the Attention (A) parameter, perhaps reflecting boredom or, again, this 

lack of variation. As previously mentioned, the measure with the lowest internal 

consistency was our Working Memory Capacity parameter. Controls had good split-half 

reliability on this measure and people with schizophrenia and schizoaffective disorder 

were acceptable, but people with bipolar disorder had poor reliability; this also reflected 

their working memory capacity. It is possible that increasing the number of trials might 

lead to better reliability for variables that are more weak. 

 

Sufficient test-retest reliability has previously been identified as an important 

quality for a task’s use in clinical trials due to its ability to translate directly into 

statistical power (Michael F. Green et al., 2004), with experts recommending values of 

0.70-0.90 (Barch et al., 2008). Overall, test-retest reliability ranged from acceptable to 

excellent for the observable measures of Change Detection, with some notable 

https://paperpile.com/c/W98oZu/SqikE
https://paperpile.com/c/W98oZu/xP9dm
https://paperpile.com/c/W98oZu/vNlee
https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/vNlee
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exceptions. The poor reliability of the Five-change condition is again seen here, but for 

all groups, and seen in the One-change condition in controls. This may be due to range 

restrictions and ceiling effects of these conditions being too easy. However, test-retest 

reliability did not consistently achieve the values recommended for clinical trials. 

Further, the computational parameters do not have as strong test-retest reliability as the 

accuracy scores. The attention parameter was particularly poor for controls but was 

slightly stronger in the other groups. Also, test-retest reliability was low for controls on 

the guessing parameter. There appears to be a trade-off of psychometric strength with 

interpretability here. 

 

Change Detection appears to be uniformly affected by practice. In all conditions, 

aside from the Five-change condition, there was a main effect of time for all the 

measurable variables. Most significantly, individuals improved on the One-change 

condition the most over time, though individuals also improved on the Two-change 

condition and got worse on the No-change condition. For the computational parameters, 

working memory capacity increased over time, but there were no other changes. Overall, 

participants improved over time on this task, but it may still be a good candidate for 

clinical trials as there do not appear to be significant ceiling effects on most conditions 

(Michael F. Green et al., 2004). The Five-change condition is approaching the ceiling 

from the first session, but this is expected as it is a “catch” trial. Therefore, if this practice 

effect can be clearly established it can be taken into consideration before its 

implementation and be appropriately implemented as there were no interactions with age, 

sex, or diagnosis. 

https://paperpile.com/c/W98oZu/OfKkT
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We partially replicated the findings from Gold et al., 2019 of the performance of 

people with psychosis-spectrum disorders on working memory tasks. In general, we saw 

working memory deficits across diagnoses relative to controls, but only some of these 

deficits were significant. We did not see any differences among people with psychosis 

across different diagnoses. We replicated the prior finding that people with bipolar 

disorder have the largest deficit relative to controls in the estimate of working memory 

capacity in change detection, however we observed a smaller deficit in schizoaffective 

relative to controls and no difference for schizophrenia, which was the opposite of what 

was found in their study. We also replicated that there were not any significant 

differences between diagnostic groups, so given our findings, there was a deficit in 

Change Detection performance in psychosis that was more pronounced as affective 

prominence in diagnosis increased. This does provide evidence to support working 

memory as a sensitive indicator for assessing cognitive dysfunction in bipolar disorder 

with psychotic features (Gold et al., 2019). We do not replicate Gold et al., 2019’s 

finding that the attention parameter provided the most robust differences between 

controls and the psychosis groups; in fact, we see the smallest group differences on this 

measure with only a small significant difference between controls and people with 

schizoaffective disorder. This finding suggests that the differences in working memory 

capacity observed was due primarily to reduced capacity and not attention lapses. We did 

however observe increased guessing amongst those with a primary psychotic disorder, 

which was not expected. 

 

https://paperpile.com/c/W98oZu/ofo4K
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There does not appear to be any robust relationship between working memory 

measures and clinical variables. The results of these CCAs are reported in the 

supplement. 10-fold cross validation, confirmed the lack of relationship between these 

two sets of variables.  

 

One purpose for evaluating our aims was to determine whether Change Detection 

and other working memory paradigms were appropriate for use in future experiments, 

and in particular, clinical trials. Indeed, we can say that Change Detection may be 

appropriate to use in clinical trials. Overall, reliability on this task was appropriate to the 

standards needed for clinical trials and other experimental purposes. Primarily, the only 

observable measure that does not have sufficient reliability was the Five-change 

condition, which was driven by a lack of variance on this “catch” condition. However, 

this task does have uniform practice effects that may limit its utility as a tool for 

measuring accurate change across time. This effect should be further established to 

determine if the practice effects are stable in other samples, as a predictable practice 

effect can be taken into account when evaluating change from an intervention. Despite 

this practice effect, it does not interact with diagnosis, age, or sex, so practice may be 

predictable, and the practice effect does not seem to lead to ceiling effects, which may 

also allow it to still be utilized to compare change over time above and beyond practice. 

Further, some of the findings using this task are replicable. 

 

Another purpose of this study was to compare the utility of observable measures 

compared to computational parameters. Overall, the observed variables remained more 
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reliable than the computational parameters, but the computational parameters were less 

susceptible to practice effects than the observed measures. Both the observable and 

computational variables were sufficient to highlight group differences and could be used 

together to interpret working memory functions across diagnoses. One benefit of these 

computational parameters over the observed measures is the ability to increase statistical 

power by combining conditions and therefore reducing the amount of significance testing 

needed. 

 

Thus, these findings make a strong argument that Change Detection and these 

other working memory paradigms might be good candidates for use in clinical trials. 

These computational models allow for increased power and potentially increased ability 

to detect group differences, at a loss of psychometric strength. While there likely is utility 

for computational modeling in these tasks, at least at this point, these measures may be 

most useful as adjuncts, rather than as replacements, for traditional observed measures. 
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3.5 Tables and Figures: 

 

Table 3.1: Demographic Characteristics 

 
Note: HC, healthy controls; BP, bipolar disorder; SczA, schizoaffective disorder; Scz, 

schizophrenia; SES, Socioeconomic status; WTAR, Wechsler’s Test of Adult Reading; 

BPRS, Brief Psychiatric Rating Scale; YMRS, Young Mania Rating Scale; BDRS, 

Bipolar Depression Rating Scale; CAINS, Clinical Assessment Interview for Negative 

Symptoms; SLOF, Specific Levels of Functioning scale. Racial composition: 51.7% 

White, 38.9% Black, 2.3% Native American/Alaskan, 0.4% Pacific Islander, 5.3% Asian, 

and 5.7% other/unknown. a Estimated from the Hollingshead Index.(Hollingshead & 

Redlich, 1958) 

 

 

  

https://paperpile.com/c/W98oZu/dHsQp
https://paperpile.com/c/W98oZu/dHsQp
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Figure 3.1: Change Localization and Change Detection Tasks 

 
A) The trial structure of the Change Localization task, where an array of 5 shapes is 

briefly shown, followed by a delay, and concluding with a new array where the 

participant must identify the singular changed shape. B) and C) are the trial structures for 

the Two- and Five-change conditions of the Change Detection task, where an array of 5 

shapes is briefly shown, followed by a delay, and then a new array where the participant 

must identify whether there were any changes to the array. 
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Figure 3.2: Change Detection Reliability 

 
The internal consistency and test-retest reliability of both the observed and computational 

variables of the Change Detection task. The top row consists of the internal consistency 

analyses, including the Cronbach’s 𝛼 and mean item-total correlations of the observed 

measures and even/odd split-half Spearman-Brown Prophecy Corrected correlations for 

the computational parameters. The bottom row consists of the test-retest reliability, using 

the Intraclass Correlations, ICC(A,1), for both the observed and computational variables, 

respectively. 
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Figure 3.3: Group Differences in the Change Detection Variables 

 
 

Group differences on the Change Detection task for: A) The accuracy of the four 

conditions, B) Working memory capacity (K), C) Attention parameter (A), and D) 

Guessing parameter (G). 

*p <0.05, **p<0.01, ***p<0.001 
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3.6 Supplemental Materials 

 

Methods 

 

Tasks and Procedures:  

Change Localization (CL): For each trial, participants saw a 5-item encoding 

array followed by a testing array in which they had to locate which item had 

changed.(Gold et al., 2019) The encoding array was shown for 500 ms and the items were 

evenly spaced colored shapes around an imaginary circle. This was followed by a 1000 

ms delay and then the testing array, which had the same number of items/spacing as the 

encoding array. Participants were instructed to click on the item that had changed, 

emphasizing accuracy and not speed. There were 60 trials and working memory capacity 

(accuracy x 5, the memory array size) was the dependent measure. 

 

Analyses: 

The testing procedures outlined in the main text were echoed for the Change 

Localization task in this supplement. Further, the analyses were replicated combining 

both the schizophrenia and schizoaffective groups to account for the homogeneity of 

these two diagnoses and make recommendations for future studies about whether to 

combine these groups. 

 

Further, the effects of antipsychotic medications were also assessed for the 

performance on both the Change Detection and Change Localization tasks. Since there 

are significant differences in symptomatology between the diagnostic groups, separate 

https://paperpile.com/c/W98oZu/ofo4K
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canonical correlation analyses were done for each group. This follows the same 

procedure that is outlined in the main text. 

 

Results 

Reliability: 

Change Localization: Internal consistency was acceptable across all diagnostic 

groups (Supplemental Figure 3.1). The same is true for test-retest reliability but begins to 

get weaker for Scz. 

 

Change Detection: The interpretation of both the internal consistency and test-

retest reliability of this task does not change when combining schizophrenia and 

schizoaffective disorder into one group. 

 

Practice Effects:  

Change Localization: There were no main effects of time on performance of CL, 

nor were there interactions between time and group, session, or sex. 

 

Replication:  

Change Localization: There was a main effect of group on CL (F(3,242) = 7.7, p 

< 0.001). Post-hoc analyses revealed that HC had a higher working memory capacity than 

all other groups, who did not differ from each other. This replicated previous reports with 

a similar sample (Gold et al., 2019). There was no effect of antipsychotic medications (in 

general or split by typical and atypical) on this task. 

https://paperpile.com/c/W98oZu/ofo4K
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Change Detection: Group differences in the performance of Change Detection 

does not change when combining schizophrenia and schizoaffective disorder into one 

group. 

There was no effect of antipsychotic medication on K, A, or G, but there was a 

main effect of antipsychotic medication on the overall test accuracy (F(1,964) = 4.6, p = 

0.031) and an interaction between group and atypical antipsychotics (F(2,964) = 3.5, p < 

0.030) where controls performed better than all patient groups on atypical antipsychotics. 

 

Relationship to symptoms:  

 There was no relationship between clinical symptoms and measurements of 

working memory in any of the diagnostic groups. There was a significant first canonical 

variate (p = 0.009) in people with schizophrenia which was largely driven by a positive 

relationship between the No-change condition of Change Detection and BPRS 

disorganization and a negative relationship between the Five-Change condition and 

BPRS disorganization. However, this is not robust to 10-fold cross validation (p = 0.98). 

 

Discussion 

 For future studies with similar samples, we recommend combining people with 

schizophrenia and schizoaffective disorder into one group. This increases the power of 

the analyses and removes redundancies in the data. 

 

  



108 
 

Supplemental Figure 3.1: Change Localization Reliability 

 
The internal consistency (Cronbach’s 𝛼 and mean item-total correlation (ITC)) and test-

retest reliability (intraclass correlation, ICC(A,1)) of the Change Localization task. 
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Supplemental Figure 3.2: Group Differences of the Change Localization Task 

 
Group differences in working memory capacity on the Change Localization task. 

*p<0.05, **p<0.01, ***p<0.001 
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Supplemental Figure 3.3: Change Detection Reliability 

 
The internal consistency and test-retest reliability of both the observed and computational 

variables of the Change Detection task with schizophrenia and schizoaffective groups 

combined. The top row consists of the internal consistency analyses, including the 

Cronbach’s 𝛼 and mean item-total correlations of the observed measures and even/odd 

split-half Spearman-Brown Prophecy Corrected correlations for the computational 

parameters. The bottom row consists of the test-retest reliability, using the Intraclass 

Correlations, ICC(A,1), for both the observed and computational variables, respectively. 
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Supplemental Figure 3.4: Group Differences in the Change Detection Variables 

 
 

Group differences on the Change Detection task with schizophrenia and schizoaffective 

disorder combined: A) The accuracy of the four conditions, B) Working memory 

capacity (K), C) Attention parameter (A), and D) Guessing parameter (G). 

*p <0.05, **p<0.01, ***p<0.001 
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Chapter 4 (Study 3): Relieving the Burden: Identifying Diminishing Returns and 

Useful Items to Create More Efficient Tasks 

 

Foreword: This chapter was written in collaboration with Angus W. MacDonald, III, who 

edited versions of this manuscript. 

 

Abstract 

 Participating in research can be tiresome, frustrating, and stressful, particularly for 

people with psychosis. There is evidence that all individuals experience cognitive fatigue 

while performing long and difficult tasks (and some indications that this happens even 

more quickly for people with psychosis) and reports that people subjectively feel fatigued 

after participating in research. Long studies are also costly for researchers, leading to 

smaller sample sizes and limited amounts of data than can be collected in one study. In 

this chapter, we examine the point at which working memory and reinforcement learning 

tasks attain appropriate reliability or reach diminishing returns. Further, we utilize item 

response theory in a working memory task to identify item difficulty compared to 

participant ability to further inform how we could reduce trial numbers or create a 

computer adaptive test version of the task. Overall, we observe that the trials of these 

tests could be reduced by 25-50% while maintaining the psychometric integrity of them. 
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4.1 Introduction 

Participating in research studies can be tiresome, frustrating, stressful, and 

difficult. It can generally be expected that participants with psychosis would experience 

the same or exacerbated reactions due to symptoms, deficits, and decreased stress 

tolerance (Miret et al., 2016). While some studies can be short visits, it is often important 

to gather large amounts of information using sophisticated tools. It is not unusual for a 

participant to spend an entire work day doing clinical assessments, having their brain 

scanned, performing cognitive tasks, and other time-consuming tasks. One area in which 

we can intervene in this research burden is by assessing cognition more efficiently.  

 

The first consensus conference of the Measurement and Treatment Research to 

Improve Cognition in Schizophrenia (MATRICS) initiative defined five criteria for the 

selection of cognitive tests to balance psychometric strengths (test-retest reliability, high 

utility as a repeated measure, relationship to functional outcome,  and potential 

changeability in response to pharmacological agents) with tolerability and practicality 

(Michael F. Green et al., 2004). Tolerability and practicality were included as test 

selection criteria because while longer tests can lead to more reliable measurements of 

each domain, they also have a higher likelihood of participants dropping out of studies 

(Michael F. Green et al., 2004). Therefore, there is pressure to prioritize the most 

efficient methods of assessing each cognitive domain. 

 

Here, tolerability refers to the experience of a treatment, test, or protocol from a 

participant’s point of view (Michael F. Green et al., 2004). Historically, tolerability in 

https://paperpile.com/c/W98oZu/Xpepa
https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/OfKkT
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psychosis research refers to the ability to withstand a medication or other treatment and 

the side effects of those treatments. More recently researchers have extended the 

definition of tolerability to reflect to the length, difficulty, repetitiveness, and any other 

features of a test that might make it less pleasant for the participant (Carter et al., 2012; 

Michael F. Green et al., 2004). Tolerability is more often being identified as an important 

feature for a test to be included in a study involving people with psychosis (Michael F. 

Green et al., 2004; Kern et al., 2013; Ludwig et al., 2017; Reddy et al., 2015). Despite 

this, examination of the tolerability of individual paradigms, as well as how to assess 

tolerability, is limited.  

 

Another facet of the burden that participants experience is cognitive fatigue, or 

the decrement in an individual’s ability to complete cognitive tasks to the best of their 

ability after taking part in prolonged, challenging, or sustained cognitive work that use up 

mental resources (Ackerman & Kanfer, 2009; Holtzer et al., 2011; Mullette-Gillman et 

al., 2015). Cognitive fatigue is typically measured by increased error rates and slower 

reaction times on tasks. While there may be times when it is necessary to induce fatigue, 

overall this would be important to avoid as it muddies the construct that was intended to 

be measured. This phenomenon has been observed in healthy individuals in many ways, 

such as during standardized testing in schoolchildren (Sievertsen et al., 2016), eight hours 

of laboratory pipetting (Yung et al., 2017),  and performing the Stroop task for extended 

periods of time (C. Wang et al., 2014) (see Ackerman & Kanfer, 2009; Jensen et al., 2013 

for examples where cognitive fatigue was not found). Cognitive fatigue has also been 

https://paperpile.com/c/W98oZu/OfKkT+B15AG
https://paperpile.com/c/W98oZu/OfKkT+B15AG
https://paperpile.com/c/W98oZu/OfKkT+uWQAg+xC8PP+sAx33
https://paperpile.com/c/W98oZu/OfKkT+uWQAg+xC8PP+sAx33
https://paperpile.com/c/W98oZu/slK8s+jkTAQ+1JbY8
https://paperpile.com/c/W98oZu/slK8s+jkTAQ+1JbY8
https://paperpile.com/c/W98oZu/TlbfN
https://paperpile.com/c/W98oZu/grhi9
https://paperpile.com/c/W98oZu/AuHoR
https://paperpile.com/c/W98oZu/slK8s+P2Bqz
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observed during a task that was given after a fatiguing task (Gergelyfi et al., 2015; 

Mullette-Gillman et al., 2015; Van Der Linden et al., 2003). 

 

Kraepelin dismissed the potential of increased cognitive fatigue in psychosis and 

instead favored the theory that there was a “rapid decline in the will-tension,” or due 

solely to a deficit in motivation (Schmand et al., 1994), but others have asserted that in 

addition to a motivational deficit there is a compounded cognitive fatigue component. For 

example, despite having a similar level of selective attention as inpatients with 

depression, people with psychosis deteriorated faster in their performance than other 

groups (Everett, 1989). Further, no deficits are seen in the Stroop for people with 

psychosis when the task is very short (Peters et al., 2000). Though it is not clear that 

individuals with psychosis have an increased rate of cognitive fatigue compared to 

controls, fatigue appears universally and should be avoided to 1) get more accurate 

measures of the cognitive domain of interest and 2) avoid unnecessary strain and stress 

on participants. 

 

Despite the uncertainty about the effects of cognitive fatigue on cognitive task 

performance, it is clear that participants subjectively feel fatigued after performing 

lengthy, monotonous, or difficult tasks, given ratings of how they feel (Ackerman & 

Kanfer, 2009; Borragán et al., 2017; C. Wang et al., 2014). Subjective fatigue has also 

been noted when ratings are compared between cognitive tasks and control tasks (such as 

watching a movie; Gergelyfi et al., 2015; Mullette-Gillman et al., 2015; Solianik et al., 

2018; Van Der Linden et al., 2003). Participants may have difficulty differentiating 

https://paperpile.com/c/W98oZu/thpGE+jPmDQ+1JbY8
https://paperpile.com/c/W98oZu/thpGE+jPmDQ+1JbY8
https://paperpile.com/c/W98oZu/2qCwa
https://paperpile.com/c/W98oZu/dV8eN
https://paperpile.com/c/W98oZu/ebUC2
https://paperpile.com/c/W98oZu/slK8s+AuHoR+0QzCg
https://paperpile.com/c/W98oZu/slK8s+AuHoR+0QzCg
https://paperpile.com/c/W98oZu/bFdi0+1JbY8+thpGE+jPmDQ
https://paperpile.com/c/W98oZu/bFdi0+1JbY8+thpGE+jPmDQ
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fatigue from sleepiness, but it has been suggested that fatigue increases faster with high 

cognitive load, but sleepiness increases faster with low-cognitive load (Borragán et al., 

2017). 

 

Efforts have been made to measure tolerability for participants. Primarily this has 

been done by collecting ratings on a 7-point Likert scale of “Extremely Unpleasant” to 

“Extremely Pleasant.” Tasks tended to have mean ratings between 4 and 5.5 (and 

standard deviations between 1 and 1.5) indicating that most participants felt the tasks 

were neutral to somewhat pleasant (Kern et al., 2013; Ludwig et al., 2017; Nuechterlein 

et al., 2008; Reddy et al., 2015).  This has been interpreted as being well or appropriately 

tolerable, and other metrics have instead been used to determine the most appropriate test 

per domain (Kern et al., 2013; Ludwig et al., 2017; Nuechterlein et al., 2008; Reddy et 

al., 2015). The lack of variance between scores suggests that this may not be a sensitive 

or valid measure of tolerability. Other measures of tolerability have been examined as 

well, including length of assessment, participants “showing good interest,” no one 

refusing to be re-interviewed with the assessment, attrition/drop-out counts, and reports 

of negative experience, excessive stress, or that it was easy (Hesse et al., 2017; Trémeau 

et al., 2008). However, these efforts do not necessarily make attempts to change the tasks 

in order to be more efficient and tolerable. 

 

Creating the most efficient measures of cognition also benefits the researchers. As 

stated earlier, practicality is another feasibility facet that should be considered for task 

selection. Practicality refers to the experience of the research study from the researcher’s 

https://paperpile.com/c/W98oZu/0QzCg
https://paperpile.com/c/W98oZu/0QzCg
https://paperpile.com/c/W98oZu/uWQAg+xC8PP+sAx33+BqmEg
https://paperpile.com/c/W98oZu/uWQAg+xC8PP+sAx33+BqmEg
https://paperpile.com/c/W98oZu/uWQAg+xC8PP+sAx33+BqmEg
https://paperpile.com/c/W98oZu/uWQAg+xC8PP+sAx33+BqmEg
https://paperpile.com/c/W98oZu/gz2Lj+vlZhX
https://paperpile.com/c/W98oZu/gz2Lj+vlZhX
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point-of-view. This may include the administration time, amount or cost of equipment 

needed, set-up time, staff training, and complicated administration or scoring (Michael F. 

Green et al., 2004). Utilizing more efficient measures would decrease the financial and 

time cost per participant, allowing for recruitment of larger sample sizes leading to more 

reliable and replicable data. Increasing practicality in other ways, such as easier set-up 

and scoring, also reduces inter-rater or inter-site differences, leading to more reliable data 

(Michael F. Green et al., 2004). 

 

There have been many efforts to create efficient full cognitive batteries for 

assessing cognition in psychosis (Gagan Fervaha et al., 2014, 2015; Hill et al., 2008; 

Hurford et al., 2011, 2018; Kaneda & Keefe, 2015; Keefe et al., 2003, 2004; Lam et al., 

2017; Nuechterlein et al., 2008; Velligan et al., 2004). Overall, these brief measures are 

reliable and explain a large portion of the variance obtained through comprehensive 

neurocognitive batteries. While there is some loss of information from brevity, the gains 

in tolerability, practicality, and efficiency make these batteries increasingly popular. 

Further, there have been efforts to increase the efficiency of experimental measures of 

specific cognitive mechanisms. The Cognitive Neuroscience Test Reliability and Clinical 

Applications for Schizophrenia (CNTRaCS) consortium took on the task optimization 

and psychometric analysis needed to make previously nominated tasks ready for clinical 

use (Gold et al., 2012). CNTRaCS has previously optimized goal maintenance 

(Henderson et al., 2012), visual integration (Silverstein et al., 2012), gain control (Barch 

et al., 2012), and relational encoding and retrieving (Ragland et al., 2012). 

 

https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/2yyIv+BqmEg+2X1V1+5zm9O+18xWU+L6aAA+LvUMX+JpuJI+ucQnv+pvBPk+iuaHr
https://paperpile.com/c/W98oZu/2yyIv+BqmEg+2X1V1+5zm9O+18xWU+L6aAA+LvUMX+JpuJI+ucQnv+pvBPk+iuaHr
https://paperpile.com/c/W98oZu/2yyIv+BqmEg+2X1V1+5zm9O+18xWU+L6aAA+LvUMX+JpuJI+ucQnv+pvBPk+iuaHr
https://paperpile.com/c/W98oZu/okiqT
https://paperpile.com/c/W98oZu/QanuO
https://paperpile.com/c/W98oZu/bgax2
https://paperpile.com/c/W98oZu/q1eD2
https://paperpile.com/c/W98oZu/q1eD2
https://paperpile.com/c/W98oZu/JRNCM
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CNTRaCS recently took on the task of optimizing reinforcement learning and 

working memory tasks for use in assessing psychosis (Barch et al., 2017; Gold et al., 

2019). Basic psychometric properties of these tasks have been described elsewhere (Pratt 

et al., 2020).  The aim of this study was to evaluate ways in which two working memory 

and two reinforcement learning paradigms could be made more efficient without 

sacrificing the psychometric integrity. 

 

4.2 Methods 

Participants: 

313 participants were recruited: 75 healthy controls (HC), 62 people with bipolar 

disorder with psychotic features (BP), 85 people with schizoaffective disorder (SczA; 25 

unmedicated), and 91 people with schizophrenia (Scz; 23 unmedicated). Participants gave 

written, informed consent. Only medicated patients were included in this study, as 

unmedicated participants were not retested. Other reasons for exclusion (n=5) are 

described elsewhere (Pratt et al., 2020). The final sample for this study was 75 HC, 60 

BP, 57 SczA, and 68 Scz, but for the assessment of reliability, all individuals with serious 

mental illness were combined into one group (SMI = 185). Data were collected nearly 

equally across all five sites of the CNTRACS consortium (University of California–

Davis, Maryland Psychiatric Research Center at the University of Maryland School of 

Medicine, Rutgers University, University of Minnesota–Twin Cities, and the 

coordinating site at Washington University in St. Louis). Inclusion and exclusion criteria 

and further details are described elsewhere (Pratt et al., 2020). 

 

https://paperpile.com/c/W98oZu/uTYDw+ofo4K
https://paperpile.com/c/W98oZu/uTYDw+ofo4K
https://paperpile.com/c/W98oZu/g4pef
https://paperpile.com/c/W98oZu/g4pef
https://paperpile.com/c/W98oZu/g4pef
https://paperpile.com/c/W98oZu/g4pef
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Tasks and Procedures:  

Participants completed three visits. The first visit consisted of an IQ screen, 

diagnostic interview, and clinical and functional scales. Clinical symptoms were rated 

using the Brief Psychiatric Rating Scale (BPRS; Ventura et al., 2000), the Young Mania 

Rating Scale (YMRS; Young et al., 1978), the Bipolar Depression Rating Scale (BDRS; 

Berk et al., 2007), and the Clinical Assessment Interview for Negative Symptoms 

(CAINS; Kring et al., 2013).  All raters achieved agreement (ICC ≥ 0.80) with “gold 

standard” ratings to create good interrater reliability with a drift prevention interview 

rated across sites every 2-4 weeks throughout 

 

Following the baseline clinical visit, two sets of cognitive testing sessions, 

referred to here as Time 1 and Time 2, were completed approximately one month apart. 

The cognitive tasks in this paper are explained below. Other procedures can be found 

elsewhere (Pratt et al., 2020). 

 

Change Detection (CD): For each trial, participants saw a 5-item encoding array 

followed by a testing array in which 0, 1, 2, or 5 of the items changed and participants 

were instructed to indicate whether there was a change or not (Gold et al., 2019). The 

encoding array was shown for 500 ms and the items were evenly spaced colored shapes 

around an imaginary circle. This was followed by a 1000 ms delay and then the testing 

array, which had the same number of items/spacing as the encoding array. 60 trials of 

each type were presented, resulting in 240 trials.  

 

https://paperpile.com/c/W98oZu/LwITr
https://paperpile.com/c/W98oZu/f8aHh
https://paperpile.com/c/W98oZu/FODm7
https://paperpile.com/c/W98oZu/D28YK
https://paperpile.com/c/W98oZu/g4pef
https://paperpile.com/c/W98oZu/ofo4K
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This task differs slightly from the standard change detection paradigm, in which 

the number of changes was either 0 or 1 (Luck & Vogel, 2013). This new version makes 

it possible to estimate accuracy and three computational modeling parameters: working 

memory capacity (K), the probability that the participant was paying attention on a given 

trial (A), and the probability that the participant indicated a change if No-change was 

present in working memory, which approximates guessing (G). These parameters, along 

with overall accuracy (proportion correct), were the dependent measures (Feuerstahler et 

al., 2019). 

 

Change Localization (CL): For each trial, participants saw a 5-item encoding 

array followed by a testing array in which they had to locate which item had changed 

(Gold et al., 2019). The encoding array was shown for 500 ms and the items were evenly 

spaced colored shapes around an imaginary circle. This was followed by a 1000 ms delay 

and then the testing array, which had the same number of items/spacing as the encoding 

array. Participants were instructed to click on the item that had changed, emphasizing 

accuracy and not speed. There were 60 trials and working memory capacity (accuracy x 

5, the memory array size) was the dependent measure. 

 

Implicit Probabilistic Incentive Learning Tasks (IPILT): The IPILT was modified 

(Pizzagalli et al., 2005, 2008) to include both a positive (IPILT-P) and negative (IPILT-

N) reinforcement version (Barch et al., 2017). Participants made perceptual 

discriminations between two variants of a briefly shown (100 ms) line-drawn stimulus. 

On the IPILT-P, ~40% of correct responses received the feedback “Correct! You Win!,” 

https://paperpile.com/c/W98oZu/U6nMb
https://paperpile.com/c/W98oZu/QymH6
https://paperpile.com/c/W98oZu/QymH6
https://paperpile.com/c/W98oZu/ofo4K
https://paperpile.com/c/W98oZu/X7qB0+7dJ5Q
https://paperpile.com/c/W98oZu/uTYDw
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and participants gained $0.05. On the IPILT-N, participants started with $3.60 and lost 

$0.05 on ~40% of incorrect trials and received the feedback “Sorry. You Lose.” One of 

the two stimulus variants from the set was associated with three times as much feedback 

(RICH) as the other stimulus variant (LEAN) in each block. The IPILT-P and IPILT-N 

each had three blocks of 60 trials. Both versions were given at sessions 1 and 2. The 

dependent measures included response bias, log b, and discriminability, log  d or d’ 

(equations in supplement).  

 

Explicit Probabilistic Incentive Learning Tasks (EPILT): The EPILT was adapted 

(Pessiglione et al., 2006) to assess explicit learning from gain and avoiding loss 

incentives (Barch et al., 2017).  There were two phases: training and transfer. During 

training, participants were explicitly asked to simultaneously learn value discriminations 

for 4 pairs of images over 160 trials. Two of the pairs were Gain conditions, where the 

optimal choice was associated with a gain of $0.05 and the word “WIN!” Non-optimal 

choice resulted in no gain of money and received the feedback “Not a winner. Try 

again!” For one of the Gain pairs, the optimal response was reinforced with a 90/10 ratio 

of win/not win and the other had a reinforcement ratio of 80/20 win/not win. The other 2 

pairs of stimuli were Avoid Loss conditions, with a not lose/lose response pattern. These 

used the same reward probabilities, where the optimal choice resulted in no loss of 

money and the feedback “Keep your money!” and the non-optimal choice resulted in a 

loss of $0.05 and the feedback “LOSE!” The dependent measure for this phase was 

percent accuracy. 

 

https://paperpile.com/c/W98oZu/ZS9Wd
https://paperpile.com/c/W98oZu/uTYDw
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For the transfer phase, the original 4 training pairs were each presented 4 times, 

but there were also 58 novel pairings, totaling 72 trials. Novel pairings included only 

trained images, which presented with all other trained images. Participants were given the 

instruction to choose the image in each pair that they thought was “best,” and were not 

given feedback. The accuracy selecting the more beneficial image in a pairing was the 

primary dependent measure. The pairings of interest were: 1) Frequent Winner versus 

Frequent Loser (FWvsFL), 2) Frequent Winner versus Infrequent Winner (FWvsIW), 3) 

Frequent Winner versus Frequent Loss Avoider (FWvsFLA), and 4) Frequent Loss 

Avoider versus Infrequent Winner (FLAvsIW). See Barch et al., 2017 for further 

interpretation of these pairings. 

 

Data Analysis:  

In order to examine the minimum number of trials needed per paradigm while 

maintaining reliability, a series of reliability analyses were conducted starting with a 

subset of trials (depending on task) and adding another subset of the subsequent trials 

until all of them have been added, split by group. To assess internal consistency, 

Cronbach’s α and the mean item-total correlation (ITC) were calculated. To examine test-

retest reliability, Intraclass Correlations (ICCs) with a two-way random effects model 

assessing degree of agreement between testing sessions was utilized (McGraw & Wong 

formula ICC(A,1); McGraw & Wong, 1996; Shrout & Fleiss, 1979). 

   

For Change Detection, reliability was examined for the accuracy split by 

condition (No-change, One-change, Two-change, or Five-change). As the trials were 

https://paperpile.com/c/W98oZu/rC35c+SMO2D
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randomized with a fixed interval of 2 trials per condition within every 10 trials, intervals 

of 2 trials at a time until all 60 trials were included, totaling 30 repetitions per statistical 

test. Change Localization followed the same procedure for its one condition. For the 

IPILT-P and IPILT-N accuracy, intervals of 3 trials at a time until all 180 were included, 

totaling 60 repetitions per test; for response bias and discriminability, intervals of 15 

trials were used in order to have enough values to calculate then, totaling 12 repetitions. 

The EPILT-Train was split into intervals of 4 trials that captured each of the four 

reinforcement contingencies for 40 repetitions until all 160 trials were included. Lastly, 

for the EPILT-Transfer, cycles were split into groups of 9 trials that included 1-3 trials 

per condition (based on the frequency in which the condition appears) until all 72 trials 

were included, equaling 9 repetitions. 

 

To further examine how to make these tasks more efficient, Item Response 

Theory (IRT) was utilized to first fit a 1-parameter model to the Change Detection data 

(Birnbaum, 1968; Rasch, 1980). Item parameters were estimated by marginal maximum 

likelihood (Bock & Aitkin, 1981). The mean of the control group was fixed to zero and 

means for the other diagnostic groups were freely estimated. Trials of the same condition 

were constrained to have the same difficulty. Person parameters were calculated from the 

item parameters using weighted likelihood estimates (T. A. Warm, 1989). Model fit was 

then assessed for this data. To better estimate the data, the procedures outlined in 

Feuerstahler et al., 2020 were followed in order to estimate a multidimensional model 

partially using simulated data, due to our relatively small sample size, to extract a better 

fitting model for this data (Feuerstahler et al., 2020). In short, trial difficulty parameters 

https://paperpile.com/c/W98oZu/PQqyO+hwdFe
https://paperpile.com/c/W98oZu/QiqHi
https://paperpile.com/c/W98oZu/CWpaX
https://paperpile.com/c/W98oZu/kVeLa
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for this multidimensional model were obtained using the simulated data, and person 

parameters for the real data were estimated from the trial parameters from the simulated 

data. 

 

4.3 Results 

Classical Test Theory 

For Change Detection 0-change condition, minimum acceptable Cronbach’s 𝛼 for 

both groups and time points was achieved by 24 trials while good reliability and 

significantly diminishing gains per trial were achieved by 40 trials and ITC’s reached a 

plateau at 20 trials. Test-retest reliability was never achieved for HC and gains per trial 

were still substantial when the entire test was included in the analyses, but good ICC’s 

were attained by 18 trials with a relative plateau at 40 trials for the SMI group. Relatedly, 

the split-half reliability for �̂� reflected what was seen for the 0-change condition, with 

HC at time 2 falling behind the pack, reflected in the poor, though continuously 

increasing, test-retest reliability in HC on this parameter. Cronbach’s 𝛼 for both groups 

and times for the 1-change condition reached 0.7 at 30 trials and 0.8 at 50, while ITC’s 

reached the maximum at 20 trials. Good test-retest reliability was obtained at 36 trials for 

both groups with significantly diminishing gains at 50 trials. 0.7 Cronbach’s 𝛼 was 

achieved by all groups and times for the 2-change condition by 30 trials and 0.8 and 

diminishing gains by 44 trials, except for HC at time 2 who did not reach an 𝛼 of 0.8 until 

54 trials with continued gains. ITC’s were largely stable by 30 trials. Test-retest 

reliability plateaued for HCs at an ICC of 0.6 at 38 trials, whereas for SMI it achieved 0.6 

ICC at 24 trials and 0.9 with diminishing gains at 46 trials. Split-half reliability of �̂� is 
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also representative of the one- and two- change reliability patterns, though was generally 

lower in values. For the 5-change condition, which is very easy, internal consistency 

reliability patterns varied significantly across groups and times. A Cronbach’s 𝛼 of 0.7 

was attained by HC for time 1 at 42 trials, HC for time 2 at 36 trials, SMI for time 1 at 24 

trials, and SMI for time 2 at 18 trials and an ICC of 0.8 was not achieved by HC at time 1 

and was achieved by HC for time 2 at 50 trials, SMI for time 1 at 36 trials, and SMI for 

time 2 at 32 trials; diminishing gains were largely seen for all groups by 48 trials except 

for HC at time 2, which did not level out until 54 trials. ITC’s largely plateaued by 30 

trials, though a good ITC was never attained by HCs at time 1. Test-retest reliability 

flatlined at an ICC of 0.4 at 28 trials for SMI, HC had similar results, but peaked at 42 

trials and then had reduced reliability with added trials. Split-half reliability of �̂� 

generally followed these patterns, but again highlighted a separation of HC at time 2 

being less reliable than the other measurements.  

 

A Cronbach’s 𝛼 of 0.7 for Change Localization was attained by both groups at 

time 1 by 24 trials, HC at time 2 at 28 trials, and SMI at time 2 at 36 trials and 0.8 with 

diminishing gains by 46 trials for both groups at time one and HC at time 2 but not until 

58 trials and continued gains for SMI at time 2. ITC’s were stable for all groups by 32 

trials, but never attained a good score for SMI at time 2. Test-retest reliability of 0.6 was 

attained for HC by 24 trials and significantly diminishing gains by 40 trials, even peaking 

at 48 trials, but SMI reached an ICC of 0.6 at 52 trials, where it began to level out. 
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The IPILT-P d’ reached Cronbach’s 𝛼 of 0.7 for all groups by 45 trials and 0.8 

with few added gains at 120 trials. Test-retest for d’ in HC did benefit by adding more 

trials up until 150 trials at an ICC of 0.6 where it stabilizes and SMI reaches diminishing 

gains around an ICC of 0.5 at 90 trials. Internal consistency was less straightforward for 

the IPILT-P response bias; at time 1, both groups begin and stayed at or near a 

Cronbach’s 𝛼 of 0.7 from the beginning, reach 0.8 by 105 trials and have a relatively 

little gain per trial, with a small boost when nearly all of the trials were included. SMI at 

time 2 generally stays between a Cronbach’s 𝛼 of 0.7 and 0.8 throughout the whole test, 

and HC at time 2 peaks above 0.8 at 90 trials and because progressively less reliable at 

trials are added. Test-retest reliability for the IPILT-P response bias is poor and gets 

progressively worse for SMI throughout the test but has continued significant gains per 

trial for HC. 

 

IPILT-N d’ reached Cronbach’s 𝛼 of 0.7 by 60 trials, 0.8 by 90 trials, where most 

groups began to stabilize (SMI at time 1 did not stabilize until near 150 trials. Test-retest 

reliability did not significantly change for HC when adding trials and remained just 

below 0.4 though it did slowly increase with added trials for SMI. Cronbach’s 𝛼 was not 

particularly trial dependent for IPILT-N response bias, starting near 0.7 and only small, 

steady gains per trials for all groups, aside from HC at time 2, which increased rapidly 

per trial until 150 trials, and began to decrease from there. Test-retest reliability for 

response bias is near the floor no matter how many trials are included in the test for both 

groups. 
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For the EPILT-Training phase, both groups and times attained a Cronbach’s 𝛼 of 

0.7 by 80 trials and 0.8 by 108 trials; reliability gains were still being made with added 

trials but were rapidly diminishing. ITC’s began to stabilize by 40 trials with small 

increases in reliability with added trials thereafter. ICC’s revealed that test-retest 

reliability continued to improve for HC with added trials reaching above 0.6 at 132 trials, 

with some diminishing gains nearing the full 160 trials, but flatlines for SMI at about 100 

trials at or just below 0.6. For the EPILT-Transfer phase, Cronbach’s 𝛼 of 0.7 was 

attained by both groups at each time by 45 trials, but do not reach 0.8 until all 72 trials 

were included, but ITC’s stabilized by 45 trials. While acceptable test-retest was never 

acquired for this phase, the ICC for both groups was largely unchanged by the number of 

trials in the task. 

 

Item Response Theory 

As expected, the overall fit of the 1PL was poor, with the Q3eh Q3 statistic = 0.67 

(p < 0.000), indicating that Change Detection does not fit a unidimensional model. 

Individual item (root mean squared deviation, RMSD) and person (𝐼𝑍) fit are in table 1. 

RMSD > 0.1 indicate poor item fit and |𝐼𝑍|>3 indicates poor person fit. Item difficulty 

estimates and standard errors are in the supplement, as this model did not fit the data 

well. Despite this, the item information functions for the conditions were graphed over 

the density of person abilities to demonstrate the information given by this model, despite 

the poor fit. 
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Information about the simulated data for the multidimensional model are included 

in the supplement. Calculated from the simulated data, item difficulties were constrained 

for the real data to be 1.33 (SE = 0.004) for the No-change condition, 0.00 (SE = 0.004) 

for the One-change condition, -0.67 (SE = 0.004) for the Two-change condition, and -

1.63 (SE = 0.005) for the Five-change condition (Q3 statistic = 0.01, p = .0.01). Note, 

because the different dimensions are dependent on different trial types, and the 

dimensions were each centered around mean person ability 𝜃𝑑 = 0, difficulty estimates 

cannot be compared across dimensions. Only the One-change and Two- change 

conditions were on the same dimension. Using these item difficulties, �̂�, �̂�, and �̂� were 

correlated with the multidimensional WLE scores and can be seen in Table 4.2. Also, in 

this table are mean dimension estimates per group, which can also be compared within 

dimension and not across dimensions. 

 

4.4 Discussion 

In this paper we set out to examine the extent to which two working memory and 

two reinforcement learning tasks could be made more efficient to reduce the testing 

burden. We did this using classical test theory methods as well as item response theory 

methods. In general, we did observe that these tasks can reach the same or similar level of 

reliability with fewer trials per task. Also, in the Change Detection task, we found the 

difficulty of the items relative to diagnostic group ability on the task.  

 

It is well known that for classical test theory measurements, reliability increases 

with the number of trials in a test (Cortina, 1993; Streiner, 2003). While in general these 

https://paperpile.com/c/W98oZu/0PrOt+xP9dm
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tasks were no exception, continuously diminishing gains per trial is consistently seen 

above and beyond the point at which acceptable, or even good, reliability has been 

achieved for use in studies and clinical trials of serious mental illness. It has been 

suggested that a Cronbach’s 𝛼 of 0.7 is acceptable, in particular for basic research (J. 

Nunnally & Bernstein, 1994; J. C. Nunnally, 1978), and that an 𝛼 greater than 0.9 begins 

to reflect a high amount of redundancy in the test (McClelland, 1980; Streiner, 2003), 

pointing to an ideal 𝛼 between 0.8 and 0.9 for clinical trials. For ITC’s, we can assess that 

values greater than 0.3 are rather good (Cristobal et al., 2007; J. Nunnally & Bernstein, 

1994), but we are interested in how adding more trials affects this relationship. Then for 

test-retest reliability, ICC’s should be at minimum 0.6, and ideally above 0.75 (Cicchetti, 

1994). 

 

Given these criteria from a classical test theory lens, in combination with 

examining the maximum reliability achieved per task, we can make recommendations 

about how long the tasks in this paper really need to be for use in future studies. Change 

detection could be shortened by 33%, from 60 trials per condition to 40 trials per 

condition, without much loss of reliability information. However, the number of trials per 

condition could also be examined separately for each trial. The No-change condition 

appears to need fewer trials (30-35) to reach its maximum reliability, though controls, 

particularly at time 2, are affected by ceiling effects, requiring more trials if controls need 

to be differentiated; this is also reflected in the reliability for �̂�. �̂�, One-change, and 

Two-change may benefit from having near 50 trials. Lastly, the Five-change condition 

https://paperpile.com/c/W98oZu/4NjHD+3DiKs
https://paperpile.com/c/W98oZu/4NjHD+3DiKs
https://paperpile.com/c/W98oZu/xP9dm+5i7F8
https://paperpile.com/c/W98oZu/3DiKs+nlrcP
https://paperpile.com/c/W98oZu/3DiKs+nlrcP
https://paperpile.com/c/W98oZu/YBCTS
https://paperpile.com/c/W98oZu/YBCTS
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and �̂� need around 40 trials. Change Localization could likely be shortened from 60 trials 

to 36 for more experimental studies and around 50 trials for clinical studies. 

 

  The IPILT-P reaches appropriate reliability by 90 trials, which is shortened 

substantially from 180 trials. Though this test does benefit somewhat from more 

information, it does not particularly change the interpretation, and may even become 

redundant from an internal consistency perspective. This is echoed in the IPILT-N, where 

these milestones are achieved by 75 out of 180 trials. For the EPILT-Training phase, 132 

trials would suffice, reducing the length of the task from 160 trials. The EPILT-Transfer 

could be halved for use in basic experimental studies but would most benefit from having 

all 72 trials (or only 1-2 trials/condition, depending on the frequency of the condition 

removed).  

 

While this is just one sample of data, it appears that these tasks can be made 25%-

50% shorter, reducing the burden on both participants and researchers during a study. As 

mentioned previously, increasing the number of trials can typically increase reliability 

from a classical test theory lens, in particular Cronbach’s 𝛼, and despite this, we are able 

to strike the balance between psychometric strength and feasibility, without detracting 

from test integrity. 

 

We also utilized item response theory to understand the information gathered in 

the Change Detection task to further examine ways in which this task could be made 

more efficient. One issue with recruiting IRT methods in this and similar studies is the 
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relatively small sample size. While a simple unidimensional one parameter logistic model 

is appropriate for this sample size (Lord, 1983), it was not a good fit overall, nor at the 

item-level, for our data. Therefore, we employed the methods described in Feuerstahler et 

al., 2020 in order to extrapolate information from a multidimensional model. Simulated 

data from 5000 people allowed for capturing the item difficulties of the four conditions of 

Change Detection. For the working memory capacity dimension, all groups had mean 

abilities (𝜃 = 0.27 - 0.71) that were greater than the difficulties for the One- and Two-

change conditions (𝛿 = 0.00 and -0.67, respectively). For the guessing dimension, the No-

change condition (𝛿 = 1.33) is much more difficult than mean group abilities (𝜃 = -1.11 - 

-0.41). The opposite is seen in the attention dimension where, by design, the Five-change 

condition (𝛿 = -1.63) is drastically easier than mean group abilities (𝜃 = 1.03 - 1.98). 

Feuerstahler et al., 2020 postulated that this was due to the difficulty in capturing 

attentional capacity reliably. 

 

Given the information from the multidimensional model and the poorly fitting 

1PL, we can hypothesize changes to the paradigm that will make the task more efficient 

and effective at measuring working memory and associated cognitive abilities. In order to 

close the gap between working memory capacity and individual abilities, a future 

iteration of this task could have an array size of 6 or 7, or changing array sizes across 

trials. Additionally, perhaps including a condition where all stimuli change except for one 

could help capture attention better. Further, computer adaptive testing could be utilized to 

selectively choose items in a way that participant abilities on each dimension can be 

found quickly and effectively. 

https://paperpile.com/c/W98oZu/tzjuw


132 
 

 

There are several limitations to this study. Foremost, the limited sample size for 

utilizing computationally complex models that may better represent the task. While the 

simulated data method is effective for extending the use of IRT in small samples, real-

world participants would bring added and more accurate data. Another limitation to this 

study for CTT is that while subsetting the trials in the tasks in the order that they appear 

may be the best way to estimate how a shorter task may look, participant expectations 

about the length of the task might change behavior. Therefore, it is possible that different 

prior expectations of the task length means that the reliabilities calculated here may not 

be an accurate representation of the shorter version of the task.  

 

Using the information from this paper, we can adapt these working memory and 

reinforcement learning tasks to be more efficient. The next steps will involve piloting 

updated versions of these tasks and see if the reliabilities reported here can be replicated 

independent of the context of the longer task. Further, using the information from the IRT 

model will help guide the building of a more efficient and effective version of Change 

Detection. Another future direction will be to apply IRT methods, potentially utilizing the 

simulation data method, to the other tasks outlined in this article. 

 

The findings outlined here make it clear that researchers can utilize shorter and 

more efficient versions of cognitive tasks to increase the tolerability and practicality of 

working memory and reinforcement learning tasks without sacrificing the psychometric 

integrity of them. Implementing the information found here will not only make 



133 
 

participants experience of participating in research more positive, but will also reduce the 

strain on researchers, create shorter visits freeing up more time and money to gather data 

from larger sample sizes, and potentially produce more accurate measurements of 

individual’s abilities that are not tied in with fatigue effects. Therefore, when done 

responsibly and carefully, designing studies with this in mind may create more powerful 

and replicable results while respecting the populations we study. 
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4.5 Tables and Figures 

Table 4.1: Item and Person Fit of the One-Parameter Logistic Model 

 
Proportion of Items/Persons That Fit According to root-mean-squared deviation (RMSD) 

statistic Item Fit and lz Person Fit for the data. Trials were classified as well-fitting if 

RMSD < 0.1, and persons were classified as well-fitting if |lz| < 3 

 

 

 

 

 

Table 4.2: Real Data Relationship to The Multidimensional Model from the Simulated 

Data 

 
Correlation between multidimensional WLEs and estimated K, A, and G parameters for 

the (upper part of table), and group means for the three dimensions (lower part of table). 

WLE = weighted likelihood estimate. Bold values correspond to correlations between 

measures that represent the same dimension. 
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Figure 4.1: Reliability of Change Detection Accuracy Per Number of Trials 

 
Columns represent Cronbach’s ⍺, mean item-total correlations (ITC), and intraclass 

correlations (ICC(A,1)), respectively. Rows correspond to Change Detection conditions. 

Within each graph, individual points illustrate the reliability at the respective number of 

trials. Colors provide interpretation for the fit of the statistic. 
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Figure 4.2: Reliability of Change Detection Computational Parameters Per Number of 

Trials 

Columns represent Spearman-Brown Prophecy Corrected correlations and intraclass 

correlations (ICC(A,1)), respectively. Rows correspond to Change Detection 

computational parameters. Within each graph, individual points illustrate the reliability at 

the respective number of trials. Colors provide interpretation for the fit of the statistic. 
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Figure 4.3: Reliability of Change Localization Accuracy Per Number of Trials 

 
Columns represent Cronbach’s ⍺, mean item-total correlations (ITC), and intraclass 

correlations (ICC(A,1)), respectively. Within each graph, individual points illustrate the 

reliability at the respective number of trials. Colors provide interpretation for the fit of the 

statistic. 
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Figure 4.4: Reliability of the IPILT Per Number of Trials 

 
Columns represent Cronbach’s ⍺ and intraclass correlations (ICC(A,1)), respectively. 

Rows correspond to IPILT-P and IPILT-N discrimination (d’) and response bias (log b). 

Within each graph, individual points illustrate the reliability at the respective number of 

trials. Colors provide interpretation for the fit of the statistic.  
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Table 4.5: Reliability of the EPILT Per Number of Trials 

 
Columns represent Cronbach’s ⍺, mean item-total correlations (ITC), and intraclass 

correlations (ICC(A,1)), respectively. Rows correspond to the Training and Transfer 

phases of the EPILT, respectively. Within each graph, individual points illustrate the 

reliability at the respective number of trials. Colors provide interpretation for the fit of the 

statistic. 
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Figure 4.6: Person Abilities and Item Difficulty for the One-Parameter Logistic Model 

 
Histogram of WLE trait estimates and trial information functions for the four trial types. 

The histogram represents the observed distribution of WLEs for the data (groups 

combined), and each black line represents the item information function for one of the 

indicated trial types.  

WLE = weighted likelihood estimate.  
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4.6 Supplemental Materials 

Results 

Classical Test Theory 

 For the IPILT-P accuracy, all groups reached a Cronbach’s 𝛼 of 0.7 by 51 trials 

and 0.8 by 84 trials; Cronbach’s 𝛼 was still increasing with trials but had significantly 

diminishing gains per trial. ITC’s stabilized for all groups by 50 trials and generally 

ranged from 0.2 to 0.25 for all groups. Test-retest reliability leveled out for both groups at 

an ICC around 0.55 and 99 trials. 

 

 For the IPILT-N accuracy, a Cronbach’s 𝛼 of 0.7 was attained by all groups by 51 

trials, 0.8 by 78 trials, with continued improvement with slowly diminishing gains for the 

rest of the added trials, and ITC’s stabilized for all groups near 50 trials. Test-retest 

reliability began to level out for both groups around 66 trials in, but HC reliability began 

to decrease at that time and SMI reliability continued to increase.  

 

Item Response Theory 

Item difficulties and standard deviations for the 1PL are in Supplemental Table 

4.1. Group abilities from the 1PL are in Supplemental Table 4.2. 

 

 The multidimensional model using simulated data is described more thoroughly in 

Feuerstahler et al., 2020. In short, data for 5,000 participants were simulated in a way to 

emulate the real data. As with the real data, 240 trials were simulated for each 
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“individual.” All trials had a set size of 5, and there were 60 trials of each of the 4 trial 

types. We restricted the values of working memory capacity to be in the range of 0.5 ≤ K 

≤ 4, attentional capacity in the range of 0.6 ≤ A ≤ 1, and guessing in the range of 0 ≤ G ≤ 

0.5. The combinations were determined by sampling K, A, and G parameters from 

independent (i.e., uncorrelated) uniform distributions and used these parameter values to 

generate binary trial response data by (a) computing the probability of a ‘‘change’’ 

response for each individual, (b) generating a random number between 0 and 1, and (c) 

coding a response as ‘‘1’’ if the probability of a ‘‘change’’ response was greater than the 

random number, and as ‘‘0’’ otherwise. 
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Supplemental Table 4.1: Item Parameter Estimates from the One-Parameter Logistic 

Model 

 
SE = Standard Error 

 

 

 

Supplemental Table 4.2: Group Ability Estimates from the One-Parameter Logistic 

Model 

 
SD = Standard Deviation 
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Supplemental Figure 4.1: Reliability of the IPILT Accuracy Per Number of Trials 

 
Columns represent Cronbach’s ⍺, mean item-total correlations (ITC), and intraclass 

correlations (ICC(A,1)), respectively. Rows correspond to the IPILT-P and IPILT-N, 

respectively. Within each graph, individual points illustrate the reliability at the 

respective number of trials. Colors provide interpretation for the fit of the statistic. 
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Chapter 5: General Discussion 

The current body of work examined the reliability and replicability of several 

novel cognitive tasks from the experimental psychology literature which were nominated 

to be adapted for new uses. These studies aimed to assess the fit and utility of these tasks 

for use in future experiments, in particular clinical trials. The first study (Pratt et al., 

2020), which makes up Chapter 2 of this dissertation, established the internal 

consistency, test-retest reliability, and practice effects of two reinforcement learning 

paradigms. In this study, we also observed whether the tasks can measure reinforcement 

learning reliability and the relationship to symptoms. We found that these tasks had good 

internal reliability, but poor test-retest reliability, and some practice effects by 

demographics. These tasks were mostly replicable and did not relate to symptoms. The 

second study, Chapter 3, utilized similar procedures to the first study and applied them to 

measures of working memory. These tasks had excellent internal consistency, good test-

retest reliability that wavered when ceiling effects were present and appeared to have 

uniform practice effects. Previous findings about performance on these tasks were 

partially replicated and it did not appear to be affected by clinical symptoms. Lastly, in 

Chapter 4, we examined the extent to which the tasks outlined in the previous two studies 

could be made more efficient, balancing psychometric strength with tolerability, to 

reduce the burden to participants and researchers. Overall, these tasks could be made 

more efficient and this chapter suggests ways in which that could be done. 

 

 

https://paperpile.com/c/W98oZu/g4pef
https://paperpile.com/c/W98oZu/g4pef
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5.1 Study 1 Summary and Conclusions: Psychometrics of Reinforcement Learning 

Measurement 

As identified by the Measurement and Treatment Research to Improve Cognition 

in Schizophrenia (MATRICS) initiative, there are 5 imperative test selection criteria: 1) 

test–retest reliability, 2) high utility as a repeated measure, 3) relationship to functional 

outcome, 4) potential changeability in response to pharmacologic agents, and 5) 

tolerability and practicality (Michael F. Green et al., 2004). Two reinforcement learning 

paradigms were nominated for use in future studies assessing the effects of treatment on 

cognition, and therefore needed to be examined on these test selection criteria before 

doing so. 

 

This study sought to address the psychometric properties of these two 

reinforcement learning paradigms in order to establish whether they meet the first two 

test selection criteria as well as provide evidence for other basic properties. The first task 

was the Implicit Probabilistic Incentive Learning Tasks (IPILT), which had two versions 

which included a positive (IPILT-P) and negative (IPILT-N) reinforcement learning 

schedule where participants implicitly learn the value of different stimulus presentations 

(Barch et al., 2017; Pizzagalli et al., 2005, 2008). The second task was the Explicit 

Probabilistic Incentive Learning Tasks (EPILT), which included a training (EPILT-

Training) phase where participants were explicitly asked to learn value discriminations 

and a transfer phase (EPILT-Transfer) where novel pairings were shown and participants 

needed to determine which was more valuable (Barch et al., 2017; Pessiglione et al., 

2006). 

https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/X7qB0+7dJ5Q+uTYDw
https://paperpile.com/c/W98oZu/ZS9Wd+uTYDw
https://paperpile.com/c/W98oZu/ZS9Wd+uTYDw
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In short, we found that while the IPILT had sufficient internal consistency, it 

failed to attain appropriate test-retest reliability to easily assess changes due to a 

treatment, indicating that large sample sizes would be required to utilize this task. We did 

observe that people with schizophrenia benefited more from positive reinforcement than 

controls without intervention, which will be important to note, but that ceiling effects 

were not observed on these tasks. Though not explicitly outlined in the MATRICS test 

selection criteria, replicability has been a major critique of scientific findings, particularly 

in psychology and behavioral sciences (Tackett et al., 2017, 2019). Therefore, we also 

attempted to replicate a previous study using this task, which had a similar sample, and 

the literature on implicit reinforcement learning more generally. Overall, the behavioral 

findings in this study did replicate the literature, indicating that implicit reinforcement 

learning is preserved in individuals with psychosis and implying that basal ganglia 

dopamine firing may be preserved in this group. We found that no robust relationship 

between this task and clinical symptoms exists. 

 

There was notably better internal consistency as well as test-retest reliability for 

the EPILT-Training compared to the EPILT-Transfer, which appeared to generally lack 

reliability. Test-retest reliability may be appropriate for the training phase but is still on 

the lower end. Though the literature on explicit reinforcement learning is considerably 

more mixed, our findings lend evidence to the more common theory that both positive 

and negative explicit reinforcement learning are impaired for people with psychosis. 

Therefore, people with psychosis may fail to recruit the orbitofrontal cortex and the 

https://paperpile.com/c/W98oZu/eajqV+8PofX
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dorsolateral prefrontal cortex for faster, more flexible decisions with top-down control for 

rewards and punishments. The EPILT also did not robustly relate to clinical symptoms. 

 

Overall, this study supports the use of these tasks in future studies of 

reinforcement learning in psychosis but points out a major caveat in that test-retest 

reliability is poor. This highlights the difficulty of measuring learning to learn, in that 

participants do not forget strategies that they figured out during the first time they 

completed the task, even when different stimuli are used. Or, alternatively, the ways in 

which they forget these strategies are unrelated to implicit and explicit learning, thereby 

creating noise. In either case, their utility in detecting change due to an intervention is 

limited, and these issues with test-retest reliability will need to be addressed before the 

IPILT and EPILT are suggested for use in clinical trials. 

 

5.2 Study 2 Summary and Conclusions: Psychometrics of Working Memory 

Measurement 

This study took on similar aims as study 1, though was assessing reliability, 

practice effects, replicability, and relationship to symptoms in two novel working 

memory paradigms. In addition, this chapter took on the work to compare these 

psychometric facets between traditional observed variables and computational 

parameters. 

 

The primary focus of this study was on the Change Detection paradigm, where 

participants need to determine whether there was a change within an array of 5 stimuli of 
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different shapes and colors after a short delay. There were four conditions: no-change, 

one-change, two-change, and five-change. The primary observed measure for this task 

was the accuracy with which a change was correctly detected (percept correct). However, 

from this data three computational parameters were also calculated, which included 

working memory capacity (K), the probability that the participant was paying attention on 

a given trial (A), and the probability that the participant indicated a change if no change 

was present in working memory, approximating guessing (G). 

 

Overall, we did see that the observed variables had somewhat higher internal 

consistency than the computational parameters, particularly notable in the working 

memory capacity parameter. Test-retest reliability was similar between the observed and 

computational parameters, and the parameters followed the pattern of the conditions with 

which they were calculated from. The computational parameters might be more robust to 

practice effects, which was particularly pronounced with the presence of an effect of time 

on the zero-change condition, but not on G. 

 

Our findings in this study show that similar patterns of performance can be 

captured with observed variables and computational parameters and that the 

computational parameters may highlight the group differences more clearly. However, 

we did not replicate the same patterns of performance by group on these parameters from 

a previous study, particularly for A and G. While this may be due to sample-specific 

differences, it may also point to a lack of replicability for these parameters.  
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We also examined Change Localization using the same methods, which did not 

have computational parameters to compare it to. This task had acceptable internal 

consistency and test-retest reliability. It was also resistant to the effects of practice. 

Further the results from this sample reveal a deficit in all patient groups relative to 

controls, with no difference between the patient groups, which has been seen previously 

(Gold et al., 2019). There was no robust relationship between this task, or Change 

Detection, with clinical symptoms.  

 

There is very little literature about the psychometric properties of parameters that 

are derived from computational methods or the comparison of these properties to those of 

observed measures. This study provides novel evidence to help guide the utility of these 

parameters for future use. Overall, it appears that these computational variables may be 

less reliable and replicable than observed variables, but more robust to the effects of 

practice and group differences. Overall, the reliability is likely still suitable for use in 

experimental studies, even of those examining the effects of an intervention, but the 

sources of mixed replicability or previous experiments will need to be examined further. 

 

5.3 Study 3 Summary and Conclusions: Relieving the Burden of Cognitive 

Assessment 

 This study addressed the final test selection criteria outlined by the MATRICS 

initiative, tolerability and practicality (Michael F. Green et al., 2004). While of course it 

is important for measures of cognitive ability to meet appropriate psychometric 

milestones in order to produce valid, accurate, and replicable results, it is also important 

https://paperpile.com/c/W98oZu/ofo4K
https://paperpile.com/c/W98oZu/OfKkT
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to balance that with the experiences of the participants as well as the researchers. Long 

testing batteries and procedures are more likely to lead to high attrition rates (Michael F. 

Green et al., 2004) and are financially costly per person, reducing the number of 

participants that can be recruited per study. Further, participants may experience 

cognitive fatigue during or after long tasks, which could affect their performance and 

provide measurements that are not reflective of their true abilities on a given domain 

(Everett J Laplante L, 1989; Gergelyfi et al., 2015; Holtzer et al., 2011; Mullette-Gillman 

et al., 2015; Sievertsen et al., 2016; Van Der Linden et al., 2003; C. Wang et al., 2016; 

Yung et al., 2017).  Participants may also experience subjective fatigue, causing undue 

strain that is not necessary to gather the measurement (Ackerman & Kanfer, 2009; 

Borragán et al., 2017; Gergelyfi et al., 2015; Mullette-Gillman et al., 2015; Solianik et al., 

2018; Van Der Linden et al., 2003; C. Wang et al., 2014). Here we utilize both classical 

test theory and item response theory to assess ways to relieve some of the burden of long 

research batteries.  

 

First, we emulated shorter test lengths for the reinforcement learning and working 

memory paradigms outlined above by repeatedly subsetting the number of trials from a 

very small number of trials until the entire test was included in the sample. For each of 

these iterations, internal consistency and test-retest reliability was calculated and graphed 

out so that reliability milestones and points of diminishing gains in reliability could easily 

be spotted. Each of these tasks reached their maximum reliability or appropriate values of 

reliability before all of the trials were included. It appeared that these tasks could be 

shortened by 25%-50% without costing a large hit in the reliability of the test. 

https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/OfKkT
https://paperpile.com/c/W98oZu/TlbfN+grhi9+bMVbh+thpGE+jkTAQ+jPmDQ+1JbY8+dV8eN
https://paperpile.com/c/W98oZu/TlbfN+grhi9+bMVbh+thpGE+jkTAQ+jPmDQ+1JbY8+dV8eN
https://paperpile.com/c/W98oZu/TlbfN+grhi9+bMVbh+thpGE+jkTAQ+jPmDQ+1JbY8+dV8eN
https://paperpile.com/c/W98oZu/slK8s+AuHoR+0QzCg+bFdi0+jPmDQ+1JbY8+thpGE
https://paperpile.com/c/W98oZu/slK8s+AuHoR+0QzCg+bFdi0+jPmDQ+1JbY8+thpGE
https://paperpile.com/c/W98oZu/slK8s+AuHoR+0QzCg+bFdi0+jPmDQ+1JbY8+thpGE


152 
 

 

Second, novel item response theory methods were utilized to examine the 

information gathered by the Change Detection task. The sample size collected for this 

study is typically only appropriate for a unidimensional one parameter logistic model, 

which fit the data poorly. Though the sample size is generally prohibitive of fitting more 

complicated models, (Feuerstahler et al., 2020) outlined novel procedures for allowing 

the assessment of person abilities while using item difficulties calculated from simulated 

data. These methods outlined how informative the different change detection conditions 

were compared to the abilities of the participants in this study. Using this information, 

which is shown to be replicable, we can make suggestions for future iterations of this 

paradigm that may better allow for efficient information gathering as well as the potential 

for computer adapted versions. 

 

The important takeaway from study 3 is that there can be a better balance struck 

between psychometric integrity and tolerability/practicality, which would benefit both the 

participants and researchers. Relieving the burden of research can not only make the 

experience more pleasant, but actually has the potential to lead to more precise 

measurements of latent variables. 

 

5.4 Conclusions and Recommendations 

 The studies described here set the stage for a large scope of future research. The 

work done in this document outlines the basic psychometric properties of novel 

reinforcement learning and working memory paradigms. From here we understand where 

https://paperpile.com/c/W98oZu/kVeLa
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these tasks are in their pipeline toward being appropriate measures of cognition for 

people with psychosis, particularly to assess change due to an intervention. Further, we 

identified ways in which these tasks could be made more efficient, therefore increasing 

tolerability and practicality. The results characterized in this document point toward 

several next steps, which I will identify here. 

 

 We know that reinforcement learning is a cognitive domain that is impaired in 

people with psychosis, and by having the ability to further study the mechanisms that 

preserve implicit reinforcement learning but cause a deficit in explicit reinforcement 

learning are imperative for future research in this area. The IPILT and EPILT appear to 

be good measures of this for people with psychosis. However, test-retest reliability is low 

on these tasks, which hinders their utility in any study that requires repeated testing. 

Exploring ways to make these reinforcement learning paradigms more retest reliable. 

Participants do not appear to be doing consistently better at the second time point, though 

test takers appear to change their approach to these tasks at retest. Identifying how retest 

approach differs for participants and how to mitigate this will be an important step toward 

making these tasks appropriate for use in studies with repeated assessments. 

 

Another next step is to examine how novel reinforcement learning computational 

parameters compare to the overserved variables reported in this document. Recently, 

computational parameters for the EPILT were outlined and assessed for fit for classifying 

diagnoses (Geana et al., 2021). The basic psychometric properties of the parameters used 

in this model have yet to be fully established. 

https://paperpile.com/c/W98oZu/aAc3m
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 Though we observe acceptable and plateaued reliability estimates in subsetted 

versions of these tasks, it will be important to test that the more efficient versions can 

attain the same levels of reliability without the context of a longer task. The values found 

in study 3 are simply a guide for where the optimal task length may be but may not be 

deterministic of the exact number of trials needed. 

 

Item response theory models can potentially be fit for the working memory tasks 

described in this document. For the IPILT, there is the potential to utilize IRT in two 

different ways. The first is to characterize the item difficulty for rich vs lean trials, and 

perhaps even trials preceded by feedback to determine the most informative trial types 

and create a more efficient version of the task by reducing the number of uninformed 

trials or creating a computerized adaptive testing version. Though this would not make 

the task more efficient, there is also the potential to use IRT to characterize the 

difficulties of different stimulus sets to determine that they are truly alternate forms of the 

test. IRT can also be applied to the EPILT, identifying the item difficulty of the four 

different reinforcement schedules on the training phase and creating a CAT so that the 

length of the test is determined by when the participant has reached a threshold for 

choosing the more rewarding stimulus in the pair.  

 

Study 3 illuminates how inefficiently researchers may be collecting their data. 

Therefore, researchers should be in the habit of checking reliability across number of 

trials so that they can make recommendations for future studies using the test more 
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efficiently without losing precision. Further, while not perfect, the number of trials where 

internal consistency starts to plateau can be used as a rough estimate of where test-retest 

might max out on reliability if only one testing time point is available. Getting into the 

practice of prioritizing finding the balance of psychometric integrity and efficiency will 

allow for 1) less burdensome study days for participants, 2) collection of larger sample 

sizes, 3) collection of more data within a testing session. 
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