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ABSTRACT 

Human learning relies on interrelated implicit and explicit systems. Extensive evidence indicates 

that implicitly learned information can become consciously-accessible (i.e., explicit). According 

to a number of theoretical accounts of human learning, this occurs by way of intuitions, which 

emerge from implicit learning experiences and, in turn, constrain the formation of subsequent 

explicit knowledge and beliefs. Similarly, information explicitly acquired can eventually be stored 

implicitly, allowing for greater automaticity. Across three studies, this dissertation investigates the 

interrelated operations of implicit and explicit systems. Study 1 examined the relationship between 

implicit learning of patterns/order within visuospatial sequences and belief in an 

intervening/ordering god. Results revealed that individuals who displayed stronger implicit pattern 

learning reported (i) stronger belief in an intervening/ordering god, and (ii) increased strength-of-

belief from childhood to adulthood. Intuitions of universal order mediated these effects. In Study 

2, the theorized relationship between implicit learning, intuitions, and explicit knowledge was 

more directly tested. Findings indicated that intuitions developed from implicit learning 

experiences prior to explicit knowledge. Further, the accuracy of explicit reports was significantly 

associated with intuition timing and accuracy. Superior implicit learning, however, was not 

correlated with intuition accuracy. Study 3 focused on putative neural mechanisms that facilitate 

learning. Key questions concerned whether functional modularity was associated with academic 

achievement. Additional analyses examined changes in implicit and explicit task-based 

connectivity following an extended period of classroom education. Results indicated that whole-
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brain modularity was significantly related to GPA, but no effect of learning on implicit and explicit 

task-based connectivity was observed. Implications and open questions pursuant to these findings 

are discussed.   
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INTRODUCTION 

 “By their action original tendencies are strengthened, preserved, weakened, or altogether 

abolished; old situations have new responses bound to them and old responses are bound 

to new situations; and the inherited fund of instincts and capacities grows into a multitude 

of habits, interests and powers. They are the agents by which man acquires connections 

productive of behavior suitable to the environment in which he lives. Adaptation, 

adjustment, regulative change, and all other similar terms of successful learning, refer to 

their effects.” (Thorndike, 1913)  

 
Edward Thorndike is among the most significant figures in the psychology of learning. 

Thorndike’s 1898 monograph laid the groundwork for what would become his Law of Effect, in 

which he theorized that, if a satisfying effect follows an animal’s action, that action will become 

more likely to take place again. The Law of Effect may be somewhat simplistic (Herrnstein, 

1970), but the ideas advanced by Thorndike have been quite influential. Other theories such as 

operant and classical condition are quite clearly cut from the same cloth.  

Learning is a highly complex phenomenon that occurs over a wide range of contexts. 

Detailing the proliferation of theories of learning from the beginning of the 20th Century through 

today is an endeavor not just far beyond the scope of any single text, but one that would 

ultimately be so bogged down by granular details that any semblance of a coherent, overarching 

narrative would likely be lost. There are also certain to be meaningful differences across models 

of learning with respect to the role of reward, extent of automaticity, duration of learned 

behavior, and the kind/presence of instruction – to name just a few. One commonality across the 

wide-ranging forms and theories of learning, however, is the formation, removal, and alteration 
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of associations (Bassett & Mattar, 2017) or, as stated over a century ago by Thorndike, 

adaptation, adjustment, and regulative change.  

The process by which such associations are adaptively formed and adjusted is inherently 

tied to prediction. That is, prior experiences influence how one attends to the environment and 

how inputs are stored and represented in memory (Thiessen et al., 2013). Given the abundance of 

stimuli that an organism encounters in a given moment, prior experiences must be used to find 

the hidden, crucial variables in the environment. Indeed, many hierarchical models of learning 

present the brain as a prediction machine in which top-down connections are associated with 

bottom-up perceptions of the environment in such a way as to emphasize lower-level input units 

that are most essential to understanding or learning the relevant causes and stimuli (Clark, 2013; 

Hohwy et al., 2008; Kawato et al., 1993). Errors in predicting low-level inputs cause a 

reconfiguration or adaptation in order to reduce discrepancy, rendering minds “permeable” 

(Clark, 2013, p. 195) to the structure of the world. In this way, the mind exists in a loop of sorts, 

predicting inputs from prior statistical occurrences or patterns, only to update the predictions 

based on the ever-expanding history of regularities.  

Implicit and Explicit Learning 

 In many cases, prediction-based learning is “bottom-up” or “implicit” (Evans, 2003; 

Kahneman, 2003; Stanovich & West, 2000). Implicit learning – broadly defined as learning 

without conscious awareness of the learned associations (Reber, 1976, 1989) – is a powerful, 

domain-general mechanism that supports a number of abilities including sequence learning 

(Nissen & Bullemer, 1987; Willingham, 1999), visual perception (Rosenthal et al., 2016), and 

language acquisition (Aslin & Newport, 2012; Saffran et al., 1996). Implicit learning is closely 

related to statistical learning, the mechanism by which organisms attend to and extract patterns 
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or regularities that are integrated in vastly complex inputs (Aslin & Newport, 2012). Statistical 

learning has been identified as a learning mechanism across species (Chen & Cate, 2015; Fehér 

et al., 2017; Menyhart et al., 2015; Rey et al., 2012; Santolin et al., 2016; Takahasi et al., 2010), 

further indicating that rapidly predicting and extracting reoccurring regularities is a crucial, 

evolutionarily-favored capacity. 

It is now well-established, however, that implicit learning is not fully discrete from more 

explicit, consciously-accessible forms of knowledge (Cleeremans & Jiménez, 2002; Destrebecqz 

& Cleeremans, 2001; Esser & Haider, 2017; Overgaard, 2018; Reber, 1989; Robertson, 2007; 

Rose et al., 2010; Song et al., 2009). Indeed, a number of explanatory frameworks of human 

cognition indicate that implicit and explicit systems are highly interrelated in their operation 

(Cleeremans & Jiménez, 2002; Dehaene et al., 2006b; Epstein, 2010; Haider & Frensch, 2005; 

Kahneman, 2003), with some accounts suggesting that implicit learning may be an evolutionary 

substrate from which more explicit forms of cognition developed (Reber, 1992). Implicit 

learning of environmental patterns has been identified as an underlying influence on the 

formation of intuitions – a sense of “knowing without knowing how one knows” (Epstein, 2010; 

Shirley & Langan-Fox, 1996). That is, intuitions develop from implicit learning of predictable 

information structures and probabilistic associations (Bowers et al., 1990; Hodgkinson et al., 

2008; Lieberman, 2000). In turn, these intuitions may bias individuals towards the formation of 

more consciously-accessible, explicit knowledge, judgements, and beliefs (Epstein, 2010; 

Greenwald et al., 2002; Hodgkinson et al., 2008; Kahneman, 2003; Pacini & Epstein, 1999).  

There is also work to indicate transitions between implicit and explicit knowledge in the 

opposite direction – namely, that explicitly learned knowledge can become more implicitly 

stored or represented. According to another account of human learning – the 
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Declarative/Procedural Model (Ullman, 2001, 2004, 2016; Ullman & Lovelett, 2018) – learning 

depends on interactions between declarative (i.e., a system that underlies explicit knowledge) 

and procedural (i.e., a system the relates specifically to implicit knowledge) memory systems. 

The Declarative/Procedural model has been most frequently proposed as a mechanism 

supporting language acquisition (Ullman, 2001, 2016; Ullman & Lovelett, 2018), but it is 

relevant for other forms of learning as well. According to this framework, the declarative and 

procedural systems develop on distinct, co-occurring trajectories, and their relative influence 

adaptively changes over the learning period. Specifically, the declarative system is strongly 

engaged during early periods of instructed or explicit learning experiences, whereas the 

procedural system emerges later in the learning process as one gains expertise or proficiency 

(Posner & Rothbart, 2014). This shift allows for more rapid processing of learned material. 

Consistent with this framework, expertise has been linked with greater automaticity across a 

wide range of domains and learning contexts (e.g., Gobet & Charness, 2018; Norman et al., 

2018; Posner & Rothbart, 2014; Suzuki & DeKeyser, 2017; Ullman, 2004; Yang & Li, 2012). 

Thus, implicit learning is deeply embedded in most forms of behavioral change, and may be a 

“general principle of plasticity” that leads to alternations in connectivity to match one’s level of 

expertise (Reber, 2013). That is, implicit learning is crucial to the adaptive formation, removal, 

and alteration of associations.  

Network Neuroscience 

Given these accounts, it is clear that the capacity to dynamically form and adjust 

associations is a critical element of brain function. So, what would the neural mechanisms that 

support these capabilities look like? Certainly, the brain must be organized in such a way as to 

support rapid acquisition and prediction of incoming information. Furthermore, it must have the 
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capacity to hold information from the past, but flexibly adjust the way this information is 

associated with new inputs.  

A growing body of literature has begun to indicate that the brain’s large-scale functional 

and structure architectures provide a basis on which learning is able to occur. This burgeoning 

field of study applies principles from graph theory to model the brain as a complex network. Key 

questions in “network neuroscience” thus concern interactions and communication between brain 

regions, and how individual differences in such organization principles relate to learning and 

behavior. Indeed, network neuroscience may be particularly well-suited for such questions 

because learning involves large-scale functional interactions between several disparate brain 

regions (Barbey, 2018; Medaglia et al., 2015). 

I pause here to note that a separate but complementary branch of neuroscience has greatly 

enhanced understanding of the neural basis of learning by examining changes at the cellular 

level. For instance, it is now well-established that the formation and pruning of synaptic 

connections provide a critical basis for adaptive rewiring to support learning (Purves & 

Lichtman, 1980; Rakic et al., 1986). Yet, it is also clear that histological considerations alone 

cannot sufficiently explain the process by which the brain is able to form, strengthen, or weaken 

associations. To gain a more complete understanding of the neural basis of learning, it is 

necessary to also consider emergent properties of global brain organization. Indeed, despite the 

fact that the entire nervous system of the model organism, C. elegans, has been mapped (White 

et al., 1986), researchers still only understand a small portion of the system’s physiological 

properties or functional dynamics and how they relate to behavior (Goodman et al., 1998).  Thus, 

unique conclusions can be drawn by considering large-scale interactions between brain regions.  
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Although the field of network neuroscience is fairly nascent, it has already revealed a 

number of well-replicated findings that provide key insights into the neural bases of learning. For 

example, intrinsic functional connectivity (i.e., functional organization in the absence of a task), 

been shown to correspond to activity during task (Smith et al., 2009) and reflect recent 

experiences (Hasson, Nusbaum, & Small, 2009; Stevens, Buckner, & Schacter, 2009). In other 

words, repeated engagement of brain regions for specific purposes may alter the functional 

connections between them, reflecting a parallel of sorts with Hebbian notions of plasticity 

(Montague et al., 1996; Morris & Hebb, 1949). Thus, intrinsic functional connectivity may 

reflect lifelong learning (Wig et al., 2011). 

Notably, researchers have also used network-based measures of brain function to predict 

how well someone is able to acquire a new skill or develop new knowledge. One such measure 

that has received considerable interest is “modularity” (Sporns, 2010). A modular network is 

defined as one in which network “nodes” are clustered into multiple distinct “subgraphs” or 

“communities”. Nodes within a subgraph are densely connected, and those in different subgraphs 

exhibit sparser connectivity (Newman, 2006; Sporns & Betzel, 2016). Modularity, therefore, 

quantifies the extent to which a network exhibits such segmentation. The brain is one such 

modular network (Bassett & Mattar, 2017; Betzel, Gu, et al., 2016; Medaglia et al., 2015; Power 

et al., 2011; Sporns, 2010; Sporns & Betzel, 2016; Yeo et al., 2011; Toga et al., 2006), with 

nodes typically referring to specific brain regions and connectivity derived from structural tracts 

(i.e., white matter) or functional associations (i.e., functional connectivity). Modularity supports 

learning because it allows for the capacity to adaptively reorganize subgraphs in the presence of 

new information or experiences  (Bassett & Bullmore, 2006; Kashtan et al., 2007; Kashtan & 

Alon, 2005; Mattar et al., 2018). In the brain, this means that neuronal populations that are not 
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specialized to respond to an input can remain detached from the learning process while the task-

relevant networks can reconfigure.  

Dissertation Objectives 

To summarize, learning can be defined as the adaptive formation, removal, and alteration 

of associations. Implicit learning occurs when this takes place outside of conscious awareness, 

and is dependent upon the brain’s capacity to track reoccurring patterns and make predictions 

about future events. A number of theoretical accounts indicate that intuitions operate as a bridge 

of sorts; they develop from implicit learning experiences and can bias individuals towards the 

development of explicit knowledge and beliefs. Other work – particularly on instructed learning 

– has also indicated that information can flow between these two systems in the opposite 

direction. That is, explicitly-acquired information can become more implicitly represented with 

greater familiarity or expertise. Network neuroscience has provided some insights into the 

organizational principles that support learning. Modularity, in particular, may permit for flexible, 

adaptive alterations of associations, and has been used to predict future learning.  

This dissertation investigated a number of questions related to these topics. Study 1 

examined how individual differences in implicit learning of patterns/order relate to explicit 

beliefs about an intervening/ordering god and intuitions of universal order. This work builds 

upon literatures that implicate bottom-up perceptual mechanisms for predictive processing of 

environmental stimuli as an influence on religious belief formation as well as explanatory 

frameworks of human cognition that indicate a trajectory from implicit learning, to intuitions, to 

explicit knowledge. The hypothesized role of intuitions on the formation of explicit knowledge 

was tested further in Study 2. Specifically, questions concerned whether stronger implicit 

learners developed more accurate intuitions, and whether more accurate intuitions were 
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associated with more accurate explicit knowledge. Study 3 focused specifically on classroom-

based learning and academic achievement. Analyses examined (i) whether classroom-based 

learning acquired over an extended period was associated with changes in the involvement of 

implicit and explicit learning systems and (ii) associations between modularity and academic 

achievement. The dissertation concludes with a General Discussion. 
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STUDY 1: INDIVIDUAL DIFFERENCES IN IMPLICIT PATTERN LEARNING PREDICT 
STRENGTH AND DEVELOPMENT OF BELIEF IN GOD IN THE UNITED STATES AND 

AFGHANISTAN1 
 
 
Most humans believe in a god, but many do not. Differences in belief have profound societal 

impacts, evident in this politically polarized moment and throughout history. Anthropological 

accounts implicate bottom-up perceptual processes in shaping religious belief, suggesting that 

individual differences in these processes may help explain variation in belief. Here, in findings 

replicated across socio-religiously disparate samples studied in the U.S. and Afghanistan, implicit 

learning of patterns/order within visuospatial sequences (IL-pat) in a strongly bottom-up paradigm 

predicted 1) stronger belief in an intervening/ordering god, and 2) increased strength-of-belief 

from childhood to adulthood, controlling for explicit learning and parental belief. Consistent with 

research implicating IL-pat as a basis of intuition, and intuition as a basis of belief, mediation 

models supported a hypothesized effect pathway: (IL of order/patterns)à(intuitions of 

order)à(belief in ordering gods). The universality and variability of human IL-pat may thus 

contribute to the global presence and variability of religious belief. 

 

Religious beliefs, especially those pertaining to the existence and influence of gods, are 

among the most widely shared and deeply personally important human beliefs (Barrett, 2000; 

Baumard & Boyer, 2013; Degelman & Lynn, 1995; Norenzayan et al., 2016). They are also 

among the most varied. Variability in religious belief and nonbelief is as universal as the 

                                                
1 This chapter is currently under in revision as: 
 
Weinberger, A.B., Gallagher, N.M., Warren, Z.J., English, G.A., Moghaddam, F.M., & Green, 
A.E. (in revision at Nature Communications). Individual differences in implicit pattern learning 
predict strength and development of belief in God in the United States and Afghanistan. 
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presence of religion across human cultures. Differences in belief have substantial impacts 

ranging from personal identity formation (Jones & McEwen, 2000), to social/group affiliation 

and exclusion (Ysseldyk et al., 2010), to national and international political dynamics (Fox, 

2001; Grim & Finke, 2006). Key questions thus concern the neurocognitive bases of individual 

differences in belief. Theoretical accounts in the psychology and anthropology of religion 

suggest that religious beliefs emerge, at least in part, from perceptual mechanisms evolved for 

predictive processing of environmental information (Barrett, 2000, 2004; Barrett & Lanman, 

2008; Baumard & Boyer, 2013; Boyer, 2003, 2008; Gervais et al., 2011; Norenzayan & Gervais, 

2013; Pyysiäinen & Hauser, 2010; Willard & Norenzayan, 2013). Though it is not possible to 

directly observe the co-evolution of religious beliefs with human information processing, 

differences among humans in religious and perceptual information processing phenotypes 

provide another window into such relationships. That is, individual differences in relevant 

perceptual mechanisms for predictive processing of environmental stimuli may bias individuals 

towards or away from religious beliefs. 

A point of general consensus among explanatory frameworks for human information 

processing is the simultaneous operation of automatic “bottom-up” processes, driven primarily 

by sensory and perceptual input, and “top-down” processes that are more accessible to conscious 

awareness (Evans, 2008; Kahneman, 2003; Stanovich & West, 2000). Critically, these two strata 

of cognition are not fully discrete from each other in their operation, and automatic bottom-up 

processes were likely the evolutionary substrate from which more explicit forms of top-down 

cognition arose (Reber, 1992). Several theories of human cognition delineate trajectories of 

influence by which bottom-up processes direct individuals toward the formation of certain 

explicit beliefs (Epstein, 2010; Epstein et al., 1996; Kahneman, 2003; Lieberman, 2000; Pacini & 
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Epstein, 1999; Reber, 1989, 1992). According to these accounts, intuitions (i.e., reportable 

experiences of knowledge that was not consciously learned) develop as products of bottom-up 

gathering of environmental signals/information via unconscious information processing (Epstein, 

2010; Epstein et al., 1996; Lieberman, 2000; Pacini & Epstein, 1999; Reber, 1989, 1992). 

Because individuals are not aware of such bottom-up influences, intuitions drawn from 

unconscious processing may instead be consciously interpreted via explicit belief narratives that 

provide a rationalized context for beliefs and behaviors (Baumard & Boyer, 2013; Epstein, 2010; 

Pacini & Epstein, 1999). Indeed, intuitions frequently bias more explicit top-down views and 

judgements (Barrett & Lanman, 2008; Baumard & Boyer, 2013; Greenwald et al., 2002; 

Kahneman, 2003), and certain explicit beliefs may be more compelling and difficult to override 

when they stem from intuitive impressions (Barrett & Lanman, 2008; Baumard & Boyer, 2013; 

Kahneman, 2003; Seger, 1994). These effects have been found to operate across diverse 

modalities of sensory information processing (Cogsdill et al., 2014; Liljenquist et al., 2010; 

Olivola & Todorov, 2010). For example, in the context of interpersonal evaluations, humans rely 

on rapid, nonconscious face processing to form intuitions of trustworthiness (Ballew & Todorov, 

2007; Cogsdill et al., 2014; Olivola & Todorov, 2010), which has substantial influence on 

subsequent decision-making (Ballew & Todorov, 2007).   

With respect to religious belief, extant theoretical accounts (Barrett, 2000, 2004; Barrett 

& Lanman, 2008; Baumard & Boyer, 2013; Boyer, 1994, 2003, 2008; Norenzayan & Gervais, 

2013; Pyysiäinen & Hauser, 2010) posit that evolved neurocognitive processes contribute to 

“default intuitions” about the nature of environmental stimuli which direct individuals toward 

explicit beliefs. For instance, neurobiology evolved for cooperative interactions among humans 

is implicated as a basis for intuitions concerning morality and fairness (Baumard & Boyer, 2013; 
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Boyer, 2003; Pyysiäinen & Hauser, 2010). These intuitions, in turn, are theorized to bias 

individuals toward religious beliefs in divine justice and watchful gods, which align with moral 

intuitions, and may insulate against challenges to intuitions about justice when commensurate 

retribution or compensation for a given act is not materially available (Baumard & Chevallier, 

2012). Other theoretical work has suggested a connection of evolutionarily-favored pathogen-

avoidance mechanisms (e.g., evolved avoidance of individuals who are sick to minimize 

transmission of pathogens) to intuitions concerning cleanliness and religious beliefs concerning 

purity (e.g., belief in the healing effects of touching holy individuals or items, belief in unseen 

agents of spiritual corruption; Boyer, 2008; Boyer & Liénard, 2006). Intuitions of 

anthropomorphism, which appear to be biologically rooted in systems evolved to support face 

processing and social-cognition (Waytz, Epley, et al., 2010), may contribute to beliefs in 

watchful invisible agents (Epley et al., 2007; Waytz, Cacioppo, et al., 2010). Relatedly, the 

automatic bias to detect agency in the environment is thought to yield over-attribution of 

intentional agency at the intuitive level (i.e., intuitions that non-agentic things have agency), 

which supports explicit beliefs about supernatural, intelligent agents (e.g., deities; Barrett, 2000, 

2004; Barrett & Lanman, 2008). Empirical support for this theory, however, has been mixed; 

recent work has suggested that individuals may under attribute agency (Maij et al., 2019), and 

that believers in the paranormal – but not those who endorse a set of more traditional religious 

beliefs – display illusory agency detection (Elk, 2013; van Elk et al., 2016).  

Other literature has suggested a link between top-down, effortful analytic thinking – a 

propensity to critically examine and override prepotent “automatic”(Shenhav et al., 2011) 

responding  – and religious disbelief (Pennycook et al., 2012; Shenhav et al., 2011). Gervais and 

Norenzayan ( 2012) reported that priming analytic thinking reduced strength of religious belief. 
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However, replication attempts have not supported the efficacy of the so-called “analytic prime” 

employed by Gervais and Norenzayan (Camerer et al., 2018; Sanchez et al., 2017).  

A core belief across major religions is that the sequence and structure of events in human 

lives (and in the universe more broadly) reflects an underlying order determined by the 

intervention of gods (Banerjee & Bloom, 2014; Buffone et al., 2016; Degelman & Lynn, 1995; 

Heywood & Bering, 2014; Kay et al., 2010; Norenzayan et al., 2016; White et al., 2019). 

Believers are more inclined to perceive events in the world as adhering to a purpose or design 

rather than as a series of random, unpredictable occurrences (Banerjee & Bloom, 2014; 

Heywood & Bering, 2014). Indeed, such interventionist belief is an explicit focus of religious 

practices in Christianity, Islam, Hinduism, and Judaism (Buffone et al., 2016). Empirical work 

has associated belief in gods with explanations of events as adhering to an intelligently designed 

order (Evans, 2001; Heywood & Bering, 2014; Järnefelt et al., 2015), and greater belief that a 

deity plays a role in ordering life events is posited to lead to increased strength of religious belief 

broadly (Bender, 2008; Buffone et al., 2016). This suggests that identifying individual 

differences that influence interventionist belief may provide explanatory insights into variations 

in strength of religious belief in general. Moreover, because belief in intervening/ordering gods 

is a shared element of disparate religions (Buffone et al., 2016; Degelman & Lynn, 1995), it 

provides a suitable testbed for hypotheses concerning links between information processing and 

belief that may transcend cultural context.  

In view of the associations between intuition and religious beliefs, it is notable that 

multiple lines of work in cognitive science have specifically implicated order-related perceptual 

information processing as a basis of intuitions (Epstein, 2010; Hodgkinson et al., 2008; 

Lieberman, 2000; Reber, 1989). In particular, this work points to bottom-up learning of 



14 
	

predictive order (patterns) in the environment without conscious awareness (i.e., implicit pattern 

learning; IL-pat; Epstein, 2010; Epstein et al., 1996; Hodgkinson et al., 2008; Lieberman, 2000; 

Reber, 1989, 1992) as an underlying influence. Reber (1989) identifies IL-pat as a bottom-up 

perceptual basis of intuitions of order, including “tacit-knowledge” of complex visuospatial 

patterns after extended exposure. This work is situated within a broader framework developed by 

Epstein and others in which, “The implication of automatic implicit learning from experience is 

that the information acquired… is the primary source of intuitive ‘knowing without knowing 

how one knows’” (Epstein, 2010), and in which such intuition serves as a bridge between 

implicit and explicit levels of cognition (Epstein, 2010; Hodgkinson et al., 2008; Pacini & 

Epstein, 1999). Convergently, research into individual differences in IL-pat (Granena, 2016; 

Kaufman et al., 2010; Sobkow et al., 2018; Woolhouse & Bayne, 2000) has demonstrated that 

IL-pat is positively associated with self-reported measures of intuition across several paradigms.  

The work identifying bottom-up information processing and intuitions rooted in evolved 

neurocognitive systems as influences on belief suggests the hypothesis that processing 

information related to order in the environment via IL-pat could influence the formation of belief 

in an intervening/ordering god. Specifically, accounts implicating IL-pat as a basis of intuitions 

(Epstein, 2010; Hodgkinson et al., 2008; Lieberman, 2000; Reber, 1989), and intuition as a basis 

of beliefs (Baumard & Boyer, 2013; Kahneman, 2003; Norenzayan et al., 2016; Norenzayan & 

Gervais, 2013; Pacini & Epstein, 1999; Pyysiäinen & Hauser, 2010), indicate a potential 

pathway of effect whereby implicit learning of actual patterns/order in the environment could 

yield intuitions of ambient order that, in turn, influence belief in an ordering god. In other words, 

intuitions of order that result from IL-pat might disproportionately direct stronger implicit 

learners toward explicit beliefs in an intervening/ordering god.  
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Implicit pattern learning occurs frequently in real-world settings and operates on a broad 

range of stimuli, including many forms of  visual modality input (Little et al., 2011); merely 

being in an environment with recurring elements is sufficient to implicitly learn associations 

(Aslin & Newport, 2012; Howard & Howard, 2001). Individual differences in implicit learning 

emerge early in development(Aslin & Newport, 2012; Finn et al., 2016; Smalle et al., 2018), 

with performance approximating adult levels (Meulemans et al., 1998). While extended 

longitudinal measurement is challenging, extant evidence suggests that differences in IL-pat are 

relatively stable across time (Kalra et al., 2019), including during early childhood (Lum et al., 

2010), and may be genetically determined (Baetu et al., 2015; Simon et al., 2011). Thus, any 

impacts of IL-pat on intuitions of order are likely to begin in young childhood via exposure to 

learnable patterns in the environment. If IL-pat affects belief, it could thus manifest in individual 

differences in change in strength of religious belief from childhood to adulthood. 

Because IL-pat is a fundamental, largely subcortically-mediated aspect of perceptual 

information processing (Batterink et al., 2019; Reber, 2013), it is likely to be present (and subject 

to inidividual differences) in all human groups. Thus, if IL-pat helps shape belief, then individual 

differences in IL-pat should be predictive of differences in belief across disparate cultures and 

religions. As noted above, belief in intervening/ordering gods is a common element across 

disparate religions (Banerjee & Bloom, 2014; Buffone et al., 2016; Degelman & Lynn, 1995; 

Kay et al., 2010; Norenzayan et al., 2016; White et al., 2019), thus this aspect of belief presents 

an opportunity to evaluate the influence of IL-pat across religions. Moreover, beyond the context 

of this study, a timely priority for empirical understanding of religious cognition is the inclusion 

of non-Western cultural contexts that are substantially underrepresented in this literature 

(Henrich et al., 2010). Middle Eastern Islamic samples, in particular, are largely absent from 



16 
	

psychological research broadly. Turkish Muslims are a relative exception (Cukur et al., 2004; 

Medora et al., 2002; Verkuyten & Yildiz, 2007), but less westernized nations in the region are 

dramatically underrepresented, such that sociocultural influences on cognitive and behavioral 

phenotypes (religious and otherwise) remain poorly understood (Arnett, 2008; Nielsen et al., 

2017). In addition to the inherent value of expanding psychological research in the Middle East, 

investigating the replicability of findings across U.S. and Middle Eastern samples provides the 

opportunity for strong tests of mechanisms hypothesized to operate across disparate socio-

cultural contexts. 

Multiple experimental paradigms have been developed to investigate IL-pat. Perhaps the 

most widely used measure is the Serial Reaction Time Task (SRTT; Nissen & Bullemer, 1987; 

Robertson, 2007), which prior work suggests is reflective of environmental IL-pat (Reber, 1989), 

and which has recently been shown to load heavily on a broad implicit learning ability factor 

(Kalra et al., 2019). Notably, extant evidence indicates that IL-pat during the SRTT is not 

improved – and may actually be impaired – by top-down influences, including instructions to 

look for patterns (Fletcher et al., 2005; Howard & Howard, 2001; Reber, 2013; Soref et al., 2018; 

see Methods). In addition, modifications of the SRTT have been devised to limit opportunities 

for explicit awareness of patterns that could be a precondition for top-down influence 

(Destrebecqz & Cleeremans, 2001; Reber, 2013). The SRTT thus presents a good experimental 

measure to investigate putative bottom-up link of IL-pat to belief: stronger IL-pat might 

contribute to stronger belief, but a belief-related top-down bias to seek patterns is unlikely to 

strengthen IL-pat, thus, any positive association observed between IL-pat and belief is most 

likely to be bottom-up.  



17 
	

Here, in culturally and religiously distinct samples studied in Washington, D.C. and 

Kabul, Afghanistan, we tested the hypotheses that individual differences in implicit pattern 

learning, measured via a modified SRTT (Nissen & Bullemer, 1987; Robertson, 2007; Song et 

al., 2008), predicted individual differences in 1) strength of belief in an intervening/ordering god, 

and 2) change in strength of belief in God from childhood to adulthood. We sought to distinguish 

effects of IL-pat from potential confounding influences of schizotypal ideation and parental 

religious belief, and to rule out effects of explicit learning. Subsequent analyses in the U.S. 

sample further tested the hypothesis that intuitions of universal order mediated the relationship of 

IL-pat to belief. A predominantly European sample was also collected for additional replication 

and extension.  

Results 

Because a goal of this research was to test whether results replicated across religiously and 

culturally disparate contexts, all analyses were performed separately for each of the samples. 

Implicit Pattern Learning (IL-pat) 

U.S. (N = 199, Mage = 19.83 ±2.72 years, 65.83% female, 34.17% male, 52.26% 

Christian, 25.13% unaffiliated, all others < 4%, Supplementary Table 1.1) and Afghan (N = 148, 

Mage = 26.99 ±4.57 years, 41.22% female, 58.78% male, religious affiliation not queried due to 

potential risks associated with non-Islamic affiliation) participants completed a modified SRTT 

(Nissen & Bullemer, 1987; Song et al., 2008), a widely-used measure considered to be reflective 

of ecological implicit learning ability (Reber, 1989). Participants responded to the positions of 

filled circles (targets) that rapidly appeared at four positions onscreen by pressing a 

corresponding key (Methods; Fig. 1.1). Each block of targets either adhered to a repeating 10-

position sequence (pattern), or was random (50% pattern blocks; 50% random blocks). 
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Consistent with recommended procedures (Robertson, 2007), implicit pattern learning was 

calculated as the difference between slope-of-change in response time (RT) during random vs. 

pattern blocks to enable measurement of faster responding due to learning distinct from 

confounding influences (e.g. motivation, familiarity). 

 
Figure. 1.1. Serial Reaction Time Task. Participants indicated target locations corresponding to 
four keys (A). For example, when the target appeared in the left most location, participants 
responded by pressing the “z” key. Pattern blocks (B) consisted of 10-target repeating (5x) 
sequences, containing three first-order structures (orange bar) and two second-order structures 
(green circles). Random blocks (C) consisted of 50 non-repeating targets.  
 
 

In order to verify that pattern blocks were distinguishable from random blocks at the 

implicit level (i.e., based on RT differences), we conducted paired t-tests for each sample 

between the rate of change for pattern and random blocks. Both U.S. and Afghan participants 

displayed a faster rate of change on pattern blocks, indicating that they were able to implicitly 

learn the patterns (U.S.: t(198) = -10.95, P < 0.0001; Afghanistan: t(147) = -7.61, P < 0.0001). 

To further evaluate whether learning was implicit, following each block, participants were asked 

to indicate whether they thought the sequence they saw was a pattern or was random. In both 

samples, IL-pat was uncorrelated with explicit accuracy about whether patterns were present 
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(U.S.: r = -0.12, P = 0.10; Afghanistan: r = 0.08, P = 0.40), confirming that learning was 

implicit. Relatedly, IL-pat was not associated with illusory explicit pattern detection, i.e., 

incorrectly reporting the presence of a pattern on random blocks (U.S.: r = 0.03, P = 0.67; 

Afghanistan: r = 0.01, P = 0.93). 

Relationship of IL-pat to Belief 

Interventionist Belief 

An interventionist belief (IB) component score (see Methods; Supplementary 

Information) was calculated from three belief measures: the Belief in Divine Intervention Scale 

(Degelman & Lynn, 1995; BDIS Supplementary Table 1.3) and two versions of the Overlapping 

Circles task (Hodges et al., 2013; Supplementary Fig. 1.1), in which participants used object 

representations to indicate beliefs about the extent to which God influences events in the world 

and their own actions. Briefly, IB was created in order to integrate estimates of belief in divine 

intervention obtained from all three belief measures into a single DV for regression models (see 

Methods).  

Next, linear regression models in each sample tested our hypothesis that IL-pat predicted 

IB. We controlled for schizotypal ideation and parents’ strength of belief to distinguish effects of 

IL-pat from key psychological and environmental factors that are associated with religious belief 

(Barnes & Gibson, 2013; Myers, 1996) and biases to perceive order (Brugger et al., 1993; Reed 

et al., 2008) but distinct from the hypothesized influence of IL-pat (see Supplementary 

Information, Supplementary Tables 1.10, 1.11). Implicit pattern learning significantly predicted 

IB in both the U.S. (b = 1.24, β = 0.17, SE = 0.47, P = 0.009) and Afghanistan (b = 1.60, β = 

0.26, SE = 0.48, P = 0.001; Fig. 1.2). Because of the non-normal distribution of IB 

(Supplementary Fig. 1.2), we conducted additional analyses, which confirmed that the observed 
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associations with IL-pat were not due to a violation of OLS assumptions (Supplementary Table 

1.9).  

We further performed zero-order correlations (Supplementary Tables 1.5, 1.6) with 

scores on the individual intervening belief measures to confirm that the relationship between IL-

pat and IB was not a result of associations with just one or two of the belief measures from 

which IB was derived. Implicit pattern learning was positively associated with BDIS at a trend 

level in the U.S. (r = 0.13, P = 0.06) and significantly in Afghanistan (r = 0.19, P = 0.02). In 

both samples, implicit pattern learning was also significantly associated with Self Overlap (U.S.: 

r = 0.19, P = 0.007; Afghanistan: r = 0.19, P = 0.02) and World Overlap (U.S.: r = 0.16, P = 

0.03; Afghanistan: r = 0.26, P = 0.001). These findings indicated a consistent underlying 

association between implicit pattern learning and diverse individual measures of belief in an 

interventionist god across these two culturally disparate samples. 

Belief Change 

Belief Change was surveyed using a lab-developed measure, which consisted of 9-point 

Likert scales on which participants reported their own strength of belief in God starting at age 6 

and then at three-year intervals up to age 24 (see Methods, Supplementary Information). This 

method to assess change in religious belief is consistent with prior work that has used a 

retrospective approach to assess changes in religiosity over the lifespan (Ingersoll-Dayton et al., 

2002; Shenhav et al., 2011). 

IL-pat was a significant predictor of Belief Change in both the U.S. (b = 3.53, β = 0.15, 

SE = 1.67, P = 0.036) and Afghanistan (b = 3.53, β = 0.17, SE = 1.67, P = 0.036; Fig. 1.2), with 

schizotypal ideation and parents’ strength of belief again included as covariate regressors 

(Supplementary Tables 1.10, 1.11).  



21 
	

Figure 1.2. Linear regression models to predict interventionist belief (IB) and Belief Change. 
Significant β are indicated by filled circles (black fill P < 0.05; red fill P ≤ 0.001; 95% CI 
indicated).  
   

Explicit Awareness 

In order to further confirm that implicit pattern learning – rather than explicit awareness – 

was driving the association with religious belief, we performed zero-order correlations for 

explicit accuracy on the SRTT with IB and Belief Change. Explicit accuracy was not related to 

IB (U.S.: r = 0.07, P = 0.30; Afghanistan: r = 0.13, P = 0.14) or Belief Change (U.S.: r = 0.06, P 

= 0.42; Afghanistan: r = 0.06, P = 0.51). We also tested the association of IB and Belief Change 

with illusory explicit pattern detection (i.e., reporting patterns for random blocks) and more 

frequent endorsements of patterns regardless of block type. IB was not correlated with illusory 

detection (U.S.: r = 0.08, P = 0.23; Afghanistan: r = 0.15; P = 0.09) or overall tendency to 

reported patterns (U.S.: r = 0.04, P = 0.56; Afghanistan: r = 0.06, P = 0.51). Similarly, we did 
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not observe an association between Belief Change and illusory detection (U.S.: r = 0.11, P = 

0.11; Afghanistan: r = 0.05, P = 0.55) or an overall bias towards reporting patterns (U.S.: r = 

0.09, P = 0.21; Afghanistan: r = 0.02, P = 0.86). Finally, when these explicit awareness variables 

were included as additional covariate regressors (along with parents’ belief and schizotypal 

thinking; Supplementary Tables 1.12, 1.13), IL-pat remained a significant predictor of both IB 

(all Ps ≤ 0.009) and Belief Change (all Ps ≤ 0.05). 

Relationship of IL-pat and Belief to Intuitions of Order 

Having identified relationships between IL-pat and explicit belief, we sought to further 

test the hypothesis that intuitions about order in the universe might mediate these relationships. 

Given prior work indicating that IL-pat contributes to intuitions of order (Epstein, 2010; 

Kahneman, 2003; Lieberman, 2000; Reber, 1989, 1992) and that intuitions contribute to religious 

belief (Barrett, 2000, 2004; Barrett & Lanman, 2008; Baumard & Boyer, 2013; Boyer, 1994, 

2003, 2008; Gervais et al., 2011; Willard & Norenzayan, 2013), we hypothesized a pathway of 

effect in which IL-pat contributes to intuitions of order that incline individuals toward religious 

belief narratives. The hypothesized directionality of this pathway was also based on theoretical 

considerations, e.g., that intuitions of order can plausibly develop from implicit learning of order 

even without explicit learning of religious narratives, and that the content of what is learned via 

IL-pat (i.e., order itself) is conceptually closer to intuitions directly concerning order than to 

religious beliefs about interventionist deities (see Discussion).  

Participants were presented with statements concerning the presence of order in the 

universe but not referring to religion or God, and indicated their level of agreement (1-9; see 

Methods; Supplementary Table 1.4). Responses were summed to produce a “universal order” 

(UO) score. Agreement with presented statements has been shown to provide an effective 
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explicit measure of intuition (Dane & Pratt, 2009). Because data collection for these questions in 

the Afghan sample was not deemed viable (i.e., Afghan experimenters indicated that the Dari-

translated questions were not properly understood; see Methods), we measured UO and IB in a 

separate, predominantly European replication sample online (N = 96, Mage = 28.21 ±9.31 years, 

83.33% European, 61.46% female, 37.50% male; see Methods, Supplementary Table 1.2).  

First, we asked whether UO and IL-pat were associated with one another (i.e., Fig. 1.3. a 

path). Zero-order correlations indicated that UO was positively correlated with IL-pat (r = 0.20, 

P = 0.005). Based on indications that schizotypal thinking may be associated with a tendency to 

perceive order (Brugger et al., 1993; Reed et al., 2008), and to account for potential influences of 

parental religious belief (Barnes & Gibson, 2013; Myers, 1996),  we included schizotypal 

thinking and parents’ religious belief as covariates in a linear regression model to predict UO. 

IL-pat remained a significant predictor of UO in this model (b = 5.12, β = 0.18, SE = 1.90, P = 

0.008, Supplementary Table 1.10).   

UO was also significantly correlated with both IB (U.S.: r = 0.48, P < 0.001; European 

sample: r = 0.56, P < 0.001) and Belief Change (U.S. sample: r = 0.36, P < 0.001; Fig. 1.3., b 

path). Consistent with our hypotheses, UO significantly mediated the effects of IL-pat on both IB 

(indirect effect P = 0.005) and Belief Change (indirect effect P = 0.006; bootstrapped bias-

corrected 95% CI; Fig. 1.3) in the U.S. sample. These analyses do not establish causation 

because mediation analysis is fundamentally correlational. Nonetheless, results suggest that the a 

priori directional hypothesis remains plausible a posteriori in view of the data. By contrast, if 

modeling the pathway had not yielded significant indirect effects, this would have empirically 

indicated against the hypothesized model. Though the hypothesized pathway of effect is based 

on theory and prior literature, rather than empirical comparisons between competing models, 
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further exploratory analyses (Supplementary Information, Supplementary Figs. 1.6, 1.7) in which 

IB and individual belief measures were modeled as mediators, and in which IB was modeled as 

the independent variable and IL-pat as the dependent variable, provided modest but consistent 

additional support for the hypothesized model. 

 

Figure 1.3. Explicitly reported intuitions of universal order (UO) mediate effects of implicit 
pattern learning. (A) IB and (B) Belief Change in the U.S. Sample. The influence of implicit 
pattern learning on religious belief without (dashed lines) and with (solid line) UO as a regressor 
is shown. *P < 0.05, **P < 0.01, ***P < 0.001. 

 
Cognitive Reflection Test 

The above results supported hypothesized links of intuition to IL-pat and belief – these 

hypotheses specifically concerned intuitions of order (i.e., UO). Subsequently, we explored a 

secondary question concerning the Cognitive Reflection Test (CRT; Frederick, 2005)), a 

measure of  calculation-based problem solving devised to distinguish responding based on a 

more effortful and analytic approach from responding based on a less effortful and analytic (and 

more error-prone) approach; the latter approach has been referred to as “intuitive” thinking. 
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Investigation of the CRT was motivated by prior research that has suggested a connection 

between non-belief and analytic problem solving on the CRT (Camerer et al., 2018; Gervais & 

Norenzayan, 2018; Pennycook et al., 2012, 2016; Sanchez et al., 2017; Saribay & Yilmaz, 2017). 

It was thus of interest to determine whether IL-pat was related to CRT performance, and whether 

the associations of IL-pat to belief and to intuitions of order (as measured by UO) were 

independent of the kind of analytic vs. “intuitive” problem solving measured by the CRT.  All 

U.S. participants who completed the full study battery were re-contacted, and respondents (“U.S. 

re-contact” sample; N = 65) completed the CRT. The CRT consists of three arithmetic problems. 

For each problem, there is a response that is considered to be prepotent (i.e., the first answer that 

comes to mind), which is referred to as the “intuitive” response, whereas calculating the correct 

answer is posited to require greater analytic, top-down effort. Correct (0-3) and intuitive (0-3) 

responses are summed for each participant. Incorrect responses that are not the intuitive response 

are ignored in the calculation of correct and intuitive scores. Following Frederick (2005), the 

number of correct responses was interpreted as an estimate of analytic problem-solving, or the 

extent to which individuals are able to override prepotent (incorrect) responses.  

Consistent with the associations observed in the full U.S. sample, IL-pat was significantly 

correlated with IB (r = .46, P = 0.0001), Belief Change (r = .39, P = 0.002), and UO (r = .39, P = 

0.001; Supplementary Table 1.14). Also consistent with results obtained from the full sample, 

there was no association between IL-pat and accuracy of explicit pattern judgements (r = -0.18, 

P = 0.16), indicating that learning in this sub-sample was implicit. Results for the CRT indicated 

that analytic (i.e., correct) and intuitive (incorrect) responses were strongly negatively correlated 

with each other (both samples r < -0.85, P < 0.0001), as in prior research (Frederick, 2005). In 

the analyses of greatest interest, we found that IL-pat was not associated with analytic 
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responding (r = -0.07, P = 0.56) or intuitive responding (r = -0.03, P = 0.84; Supplementary 

Table 1.14). Linear regression models in which CRT performance was added as an additional 

covariate regressor (in addition to schizotypal thinking and parents’ belief) indicated that IL-pat 

remained a significant predictor of IB (b = 3.22, β = 0.43, SE = 0.81, P < 0.001), Belief Change 

(b = 9.88, β = 0.40, SE = 2.96, P = 0.001), and UO (b = 11.64, β = .38, SE = 3.61, P = 0.002; 

Supplementary Table 1.16). Together these results indicate that the relationship of IL-pat to IB, 

Belief Change, and UO was meaningfully distinct from CRT-based problem solving approach. 

That is, it is unlikely that individual differences in the tendency to effortfully apply analytic 

thinking to override prepotent responding (at least in the context of CRT calculation problems) 

are responsible for variation in IL-pat or the association between IL-pat and belief. The CRT was 

also collected online in the European replication sample. Generally consistent with prior work 

associating analytic thinking more closely with disbelief than belief (Pennycook et al., 2012; 

Shenhav et al., 2011), associations were found between IB and CRT performance (analytic: r = -

0.22, P = 0.03; intuitive: r = 0.23, P = 0.02; Supplementary Table 1.15). These relationships 

were not significant within the U.S. re-contact sample, though opposite directions/signs were 

again observed for the nominal associations of IB to analytic (r = -0.10, P = 0.41) and intuitive (r 

= 0.14, P = 0.27) responding (Supplementary Table 1.14). 

Assessment of Belief in Science 

 Lastly, we investigated whether associations similar to those observed for belief in an 

interventionist god (i.e., associations with intuitions of universal order and implicit pattern 

learning) might also be observed for belief in science, a construct that may plausibly relate to 

explanations of order in the universe. All participants in the U.S. re-contact and European 

samples completed the Belief in Science Scale (Farias et al., 2013). This scale consists of 10 
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questions intended to measure attitudes toward science, such as its value, reliability, and ability 

to provide an understanding of the world and human culture.  

 Consistent with prior research that has examined relationships between religious belief 

and scientific belief (Farias et al., 2013),  zero-order correlations indicated that scientific belief 

was inversely associated with IB (U.S. re-contact sample: r -0.22, P = 0.08; European sample: r 

= -0.36, P = 0.0003) and Belief Change (U.S. re-contact sample only: r = -0.28, P = 0.02). 

Despite this negative direct correlation, it remained possible that stronger intuitions of universal 

order and/or stronger IL-pat might be associated with stronger belief in science if, for example, a 

subset of participants who held strong intuitions of order in the universe were biased toward 

scientific interpretations of such order. However, results indicated this was not the case; belief in 

science was unrelated to UO (U.S. re-contact sample: r = -0.19, P = 0.13; European sample: -

0.11, P = 0.27; Supplementary Table 1.15) and negatively correlated with IL-pat (U.S. re-contact 

sample: r = -0.28, P = 0.02; Supplementary Table 1.14).  

Discussion 

The present study explored the relationship between implicit pattern learning and belief 

in gods in the U.S. and Afghanistan, countries that differ substantially along multiple cultural 

and religious dimensions (Grim & Finke, 2006; Pew Research Center, 2014, 2018; United States 

Department of State, 2017). In findings replicated across these samples, individuals exhibiting 

stronger implicit learning of order in visuospatial sequences held stronger belief in an 

intervening/ordering god, and increased more in strength of belief from childhood to adulthood. 

UO mediated these effects in the U.S., suggesting that IL-pat may be associated with 

interventionist belief because it yields intuitions of order that bias individuals toward belief in 

ordering gods. Neither IL-pat nor belief was associated with explicit awareness of learned 
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patterns, indicating that the observed effects are specific to learning of patterns without 

conscious awareness. 

The present work builds on substantial literatures indicating implicit learning as a basis of 

intuition (Epstein, 2010; Hodgkinson et al., 2008; Lieberman, 2000; Reber, 1989), and intuition 

as a basis of belief (Barrett, 2004; Baumard & Boyer, 2013; Gervais et al., 2011; Greenwald et 

al., 2002; Kahneman, 2003; Pyysiäinen & Hauser, 2010; Willard & Norenzayan, 2013). Our 

findings accord with theories in the psychology and anthropology of religion (Barrett, 2000, 

2004; Barrett & Lanman, 2008; Baumard & Boyer, 2013; Boyer, 1994, 2003, 2008; Gervais et 

al., 2011; Norenzayan & Gervais, 2013; Pyysiäinen & Hauser, 2010) that account for religious 

belief as a “reflective elaboration” (Baumard & Boyer, 2013) on intuitions derived from bottom-

up processing of environmental stimuli. The present findings support a novel but conceptually 

aligned hypothesis that individuals who more readily learn, at an implicit level, patterns that are 

actually present in the environment may be biased toward belief in ordering gods. Conversely, 

those who less readily learn available patterns via IL-pat may be less predisposed toward such 

beliefs. 

The results of the current study are consistent with a bottom-up pathway of effect by 

which stronger implicit learning of patterns/order leads to belief in an intervening/ordering god. 

While top-down pathways are also conceivable whereby stronger belief in an intervening deity 

leads individuals to more effectively learn implicit patterns, and/or whereby religious individuals 

may be more likely to search for patterns because of an explicit belief in the ordering influence 

of a deity, a number of empirically-based indicators make such explanations less likely in this 

case. First, prior research has demonstrated that explicit searching does not lead to faster 

responding during the SRTT, and may actually hinder performance (Fletcher et al., 2005; 
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Howard & Howard, 2001; Reber, 2013). For example, Fletcher and colleagues (Fletcher et al., 

2005) showed that explicitly directing participants to search for a pattern impeded implicit 

learning on the SRTT (i.e., slower RT during the task), putatively because this explicit search 

disrupts elements of task performance that facilitate IL-pat. Thus, even if interventionist belief 

promotes explicit searching for patterns, it is unlikely that this would have led to improved 

performance on the SRTT in the present study.  

A bottom-up interpretation of the present data is further bolstered by modifications to the 

SRTT paradigm that were incorporated into the present study. Namely, the sequence advanced 

(i.e., the next target appeared) immediately after the participant provided a correct response. This 

so-called no-response-time-interval (no-RSI) version of the SRTT has been demonstrated by 

Destrebecqz and Cleeremans and others (Destrebecqz & Cleeremans, 2001; Reber, 2013) to 

yield sequence learning without explicit knowledge acquisition. Removing time between target 

presentations is intended to ensure that learners are consistently engaged in the task and do not 

have the opportunity to consciously attempt to recall/rehearse the target sequence in an effort to 

identify patterns while waiting for the next target to appear. Consistent with prior work, we did 

not observe a significant correlation between sequence learning (i.e., rate of change on pattern 

sequences relative to random ones) and explicit awareness, indicating that learning was implicit. 

The lack of association between CRT performance and implicit learning on the SRTT may 

further suggest that differences in IL-pat were unlikely to be driven by a bias towards effortful 

top-down thinking. 

The observed association between IL-pat and change in belief from childhood to 

adulthood can be taken as further indication against the likelihood of religious belief exerting a 

top-down influence on IL-pat. Change in belief across the lifespan, and particularly from 
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childhood to adulthood, is not uncommon (Ingersoll-Dayton et al., 2002; Shenhav et al., 2011). 

Thus, to the extent that individual differences in implicit learning are present at early ages (Aslin 

& Newport, 2012; Finn et al., 2016; Smalle et al., 2018), and may be stable across time (Kalra et 

al., 2019; Lum et al., 2010; Meulemans et al., 1998), it appears more likely that differences in IL-

pat could drive changes in belief across development than that changes in belief, or adult level of 

belief in an interventionist god as measured in the present study, are primary drivers of 

differences in IL-pat. Evidence of genetic influences on IL-pat (Baetu et al., 2015; Simon et al., 

2011), further suggests sources of individual differences in IL-pat that may be present prior to, 

and largely independent of, top-down influences. 

While the bottom-up directionality of effect we have outlined is consistent with prior 

work on the neurocognitive bases of religious belief (Barrett, 2000; Baumard & Boyer, 2013; 

Boyer, 2003, 2008; Gervais et al., 2011; Norenzayan & Gervais, 2013; Willard & Norenzayan, 

2013), it is not possible – and is not the intent of the present study – to conclusively rule out any 

degree of top-down influence on the relationship between IL-pat and religious belief. Indeed, a 

complete rendering of the cognitive and environmental influences on a phenotype as complex as 

religious belief very likely includes a multiplex of interconnected “loop” architectures between 

bottom-up and top-down processes. Examples of top-down influences on automatic perceptual 

information processing are abundant (Epstein, 2010; Evans, 2008; Keren & Schul, 2009). One 

pertinent example is research showing that induced “meaning threats” devised to challenge 

participants’ existential sense of meaning were associated with better implicit learning in an 

artificial grammar task (Proulx & Heine, 2009). Religious belief is associated with a desire for 

meaning (Kay et al., 2010; Norenzayan et al., 2016; Willard & Norenzayan, 2013), and it is 

conceivable that more religious participants might tonically feel greater threat to meaning, which 
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may have an influence on at least some forms of IL-pat. It should be noted that the improvement 

in grammar learning in this prior work was linked to an increased explicit motivation to find 

grammatical letter strings in the grammar learning task, whereas extant evidence indicates such 

explicit motivation does not improve learning on the SRTT (Fletcher et al., 2005; Howard & 

Howard, 2001; Reber, 2013). More directly to the point, even if it is the case that some amount 

of top-down influence has bearing on implicit learning, this would not necessarily be inconsistent 

with bottom-up influences of implicit learning on religious belief. While the present study 

focused on individual differences in a strongly bottom-up IL-pat paradigm to explore the thus far 

untested relationship of bottom-up IL-pat to belief, the intent of the present research is not to 

suggest that all bottom-up influences on belief, and perhaps not even the IL-pat studied here, 

operate entirely independently of top-down processes. 

Regarding the specific directional pathway represented by our mediation models, this 

directionality is based on a hypothesized pathway of effect within which there are a priori 

reasons to position intuitions of universal order prior to interventionist belief (i.e., as the 

mediator and dependent variable respectively). Specifically, the directionality of the pathway is 

based on the a priori consideration that implicit learning of patterns/order in environmental 

stimuli is less likely to directly yield specific beliefs about deities, and more likely to yield a 

general sense/intuition that there is ambient order. Broad intuitions about the presence of order 

do not depend on externally learned narratives about the identities and powers of deities, and 

thus appear more likely to arise intrinsically (i.e., within the individual, directly from that 

individual’s bottom-up implicit learning of patterns/order). Relatedly, intuitions of order appear 

more conceptually proximate to the content being learned via implicit learning of order than to 

the content of beliefs about deistic intervention (i.e., both the intuitions and the implicitly learned 
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content directly concern order itself, rather than explanations of order). Thus, a progression from 

IL-pat to UO appears more likely than a direct leap from implicit learning to religious narratives 

about interventionist deities. As noted above, the hypothesized pathway of effect is also based on 

prominent extant accounts, developed to interpret decades of research on implicit learning, which 

indicate that IL-pat gives rise to intuitions of order (Epstein, 2010; Epstein et al., 1996; 

Kahneman, 2003; Lieberman, 2000; Pacini & Epstein, 1999; Reber, 1989, 1992). Thus, in view 

of theoretical considerations and extant literature, we hypothesized a pathway of effect whereby 

implicit learning influences UO and UO influences interventionist belief (i.e., implicit learning 

yields broad intuitions of order that predispose individuals toward belief narratives that fit these 

intuitions).  

It is important to emphasize that the mediation analyses we conducted to test models of 

the hypothesized pathway should not be taken as establishing causation. Mediation is 

fundamentally a correlation-based technique, and is frequently over-interpreted to make causal 

claims (Green et al., 2010; Imai et al., 2010; Rucker et al., 2011). Establishing causation requires 

a comprehensive research program that should ideally include longitudinal and intervention-

based paradigms, a careful accounting of the influence of a host of measured and unmeasured 

mediating variables, and replication across varied experimental paradigms (Green et al., 2010). 

While this is beyond the scope of a single study, the pathway of effect modeled in the present 

study provides a framework for more comprehensive investigations of causation in the observed 

relationships, and the present data on belief change from childhood to adulthood suggest that 

longitudinal study might be particularly informative. 

The present research also explored the extent to which IL-pat is related to individual 

differences in analytic problem solving (measured by the CRT). An influence of analytic 
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thinking on IL-pat might be posited whereby analytic thinking is associated with increased top-

down searching for patterns, which could hinder IL-pat on the SRTT in nonreligious 

participants, given previous associations of analytic problem-solving on the CRT with lower 

levels of religious belief (Pennycook et al., 2012; Shenhav et al., 2011). However, the lack of 

association between CRT and IL-pat suggests no such influence in the present study, perhaps 

owing in part to the attributes of the SRTT paradigm devised to minimize top-down influence 

(described above). Our findings further indicated that the associations of IL-pat to IB, Belief 

Change, and UO were independent of CRT performance.  To our knowledge, this is the first 

research to empirically test whether performance on the CRT is associated with implicit pattern 

learning. Prior research that has suggested an association of implicit learning to thinking style 

has assessed intuitive thinking via self-report (Granena, 2016; Kaufman et al., 2010; Woolhouse 

& Bayne, 2000). For example, Woolhouse and Bayne (2000) measured intuition using the self-

report sensing-intuition scale of the Myers-Briggs Type Indicator. These previous approaches are 

more similar to the self-report measure of universal order intuitions in the present study than to 

the CRT. In contrast, assessment of thinking style in the context of arithmetic calculation on the 

CRT is most likely to be related to differences in so-called “system 1” (automatic) and “system 

2” (deliberate) problem-solving (Kahneman, 2003), which appears conceptually distinct from the 

presence of broad intuitions of order that we and others (Epstein, 2010; Hodgkinson et al., 2008; 

Lieberman, 2000; Reber, 1989, 1992) have suggested may arise from IL-pat, and that the present 

work investigated as a potential mediator of the effect of IL-pat on belief. Arithmetic calculation 

is also likely to reflect common math/calculation-specific influences on elements of thinking 

style related to motivation, avoidance and cognitive function (Ashcraft, 2002; Choe et al., 2019; 

Suárez-Pellicioni et al., 2016).    
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While UO and IL-pat were consistently associated with IB across the various samples we 

studied, UO and IL-pat were not found to be associated with scores on the Belief in Science 

Scale (Farias et al., 2013). Thus, it is likely that intuitions of ambient order more closely relate to 

IB than to belief in science, at least within the (certainly non-exhaustive) scope of what is 

measured by the presently employed survey of UO and Belief in Science Scale. More generally, 

the present findings do not rule out the possibility that nonreligious order-related beliefs, 

scientific or otherwise, could be related to UO or IL-pat. For example, because at least one item 

on the Belief in Science scale directly contrasts belief in science with religious belief, it is 

possible that the present study underestimated the extent to which religion and science might 

operate concurrently as ordering beliefs in some individuals. However, even if the relationships 

of IL-pat and UO to IB were found to operate in parallel to other relationships involving other 

ordering beliefs, this would not necessarily diminish the relationships to IB. 

We did not observe an association between explicit judgements about sequence blocks of 

the SRTT and religious belief. We are not aware of any research that has described an 

association between accurate, conscious detection of patterns and religious belief, though some 

prior research has reported an increased tendency among believers in the paranormal to report 

some forms of illusory contingency (Blanco et al., 2015; Griffiths et al., 2019). Erroneous 

reporting of patterns on the random blocks, as well as overall tendency to report patterns across 

both block types (random and pattern), was not correlated with IB or Belief Change in the 

present study. When these variables were included as additional covariate regressors in the 

above-reported models, the effects of IL-pat on both IB and Belief Change were not altered. 

Because IL-pat was also uncorrelated with explicit accuracy in reporting patterns, the results 
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consistently supported the interpretation that implicit (rather than explicit) learning was driving 

the observed effects.  

It is not evident, however, that the present results bear substantively on prior findings of 

explicit contingency reporting. Prior research investigating reporting of illusory contingency 

among believers in the supernatural was based on tasks and theoretical models that are quite 

distinct from those in the present study. In particular, prior studies investigated contingency in 

the form of causal influence of a participant’s actions on observed outcomes (i.e., the agency of 

the participant in a causal context). This kind of contingency differs from the implicit pattern 

learning we studied because 1) our paradigm was not related to the participant’s agency 

(participants learned pattern sequences that proceeded without any apparent opportunity for the 

participant to influence them, and no instruction was given regarding agency), and 2) the implicit 

learning sequences in the present study were not devised to indicate any form of causality, nor 

were participants given any instruction to consider causality as in prior studies. Additionally, 

many aspects of the experimental designs, instructions, and stimulus modalities in these studies 

are quite different from those employed in the present study. For example, the “contingency” 

task employed by Blanco et al. (2015) involved a series of judgements about whether or not to 

act by administering medicine to patients, and “illusions of causality” were assessed based on the 

extent to which a participant incorrectly believed their administration of a non-contingent 

medicine was an effective treatment. Thus, illusory contingency was based on the participants’ 

behavior and decision-making (and their perception of their own agency), rather than how they 

perceive/respond to implicitly-learned stimuli. Additionally, the authors related performance on 

their contingency task to superstitious and paranormal beliefs, which is a distinct outcome from 

the IB measures used in the present study. 
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As cognitive and neural inquiries into religious phenotypes advance, it is unlikely that 

any single large-scale explanatory factor will fully capture the complexity and diversity of 

influences that shape belief (Barrett, 2000; Barrett & Lanman, 2008; Baumard & Boyer, 2013; 

Boyer, 2003, 2008; Gervais et al., 2011; Norenzayan et al., 2016; Pyysiäinen & Hauser, 2010). 

However, more modest effects that replicate across diverse groups of believers have the potential 

to provide meaningful componential insights into fundamental neurocognitive bases of belief. 

Evidence linking religious belief to IL-pat suggests that belief, and variation in belief, may be 

embedded in fundamental bottom-up perceptual processing more deeply than has previously 

been empirically explored. The observed association of IL-pat with change in belief from 

childhood to adulthood (distinct from the powerful influence of parental belief) suggests that the 

emergence of individual differences in IL-pat in early childhood (Reber, 2013) might set 

individuals on bottom-up trajectories whereby literally perceiving the world differently (i.e., 

differential processing of patterned visual information available in the environment) helps to 

move them either towards or away from religious belief. 

The primarily subcortical information processing pathways that instantiate IL-pat 

(Batterink et al., 2019.; Reber, 2013) presumably operate in all healthy human brains. Thus, if 

variations in belief are partially shaped by the presence and individual variability of IL-pat, this 

effect may be shared across diverse religious and cultural contexts. The present research is 

consistent with this hypothesis, identifying shared associations between IL-pat and belief in 

Western and Middle Eastern contexts characterized by marked differences in religious 

heterogeneity (Pew Research Center, 2014), societal tolerance of religious diversity (Grim & 

Finke, 2006), separation of religion and government (United States Department of State, 2017), 

and religious restrictions (Pew Research Center, 2018). Optimistically, evidence of a shared link 
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to a core component of human perceptual information processing might help to emphasize an 

underlying human commonality between believers and nonbelievers, and between disparate 

religious groups. 

Method 

Participants and Design 

The U.S. sample comprised 199 participants recruited from Georgetown University and 

the local community. A subset of the U.S. sample (“U.S. re-contact”; N = 65) completed 

additional measures (described below) to assess analytic problem solving as well as belief in 

science. Afghan participants (N = 148) were recruited from primarily ethnic Hazara sections of 

Kabul (e.g., Karte Seh, Dast-e Barchi) following study practices for culturally sensitive topics in 

Afghanistan developed by Z.W., who has extensive data-gathering experience in Afghanistan, 

including as director of the Asia Foundation’s Survey of the Afghan People(Warren et al., 2014), 

and tested in a private secure space by same-sex Afghan experimenters (trained by Z.W.). 

Experimenters also completed online ethics training required by the Georgetown University IRB. 

All forms, including the consent form, were translated to Dari (one of two national languages, 

native for Hazaras) and then back-translated to English. Extensive quality control efforts for 

Afghan data collection are described in Supplementary Information. Finally, we recruited an 

additional predominantly European online sample (N = 96; 83.33% European, Supplementary 

Table 1.2) to complete measures related to interventionist belief, universal order intuitions, 

analytic problem solving, and belief in science. 

All procedures were approved by the Georgetown University IRB. Samples were sized 

sufficiently to detect small-to-moderate effects at α = 0.05 as there were not prior studies of IL-

pat-belief associations to indicate anticipated effect sizes, and because religious belief is a 
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complexly influenced phenotype such that any individual influence is unlikely to account for a 

large proportion of the variance.  

Measures 

U.S. and Afghanistan participants completed a battery of tasks in a single session lasting 

approximately 1.5 hours. Descriptions of measures not used in the present study can be found in 

Supplementary Information. 

Serial Reaction Time Task 

Participants completed a modified Serial Reaction Time Task (SRTT), a widely-used 

measure considered to reflect ecologically valid IL-pat (Reber, 1989). Participants were 

instructed to quickly and accurately indicate the position of the target circle as it appeared at each 

of four positions arranged horizontally onscreen (i.e., left, center-left, center-right, right; Fig. 

1.1). Each target position was designated a corresponding key on the keyboard, and participants 

were instructed on which key was associated with each target positions prior to beginning the 

task (moving from left to right, the mappings were “z”, “x”, “.”, “/”). The version of the SRTT 

employed in the present study consisted of six blocks (3 pattern blocks; 3 random blocks). Each 

pattern block was composed of a distinct 10-target repeating sequence (repeated 5 times), 

consisting of three first-order structures (Fig. 1.1b, orange bars) and two second-order triplets 

(Fig. 1.1b, green circles). Random blocks did not include regular repetitions. For each block, we 

calculated the correlation between target number (1-50) and response time. Mean rates of change 

(average r values) were calculated for each participant for pattern and random blocks. Consistent 

with recommended procedures (Robertson, 2007), IL-pat was operationalized as the difference 

between random vs. pattern blocks to distinguish faster responding that is due to learning from 

faster responding due to confounding influences (e.g. motivation, familiarity). To assess explicit 
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awareness, following each block, participants were asked to give their “best guess” as to whether 

the block was or was not a pattern. Participants could respond from 1 (Definitely Not a Pattern) 

to 4 (Definitely a Pattern). We calculated an overall accuracy score, with a high score of 1 

(responses of “Definitely Not a Pattern” for all random blocks and “Definitely a Pattern” for all 

pattern blocks) and low of 4 (responses of “Definitely a Pattern” for all random blocks and 

“Definitely Not a Pattern” for all pattern blocks). “Illusory” detection was calculated as the 

average score on random blocks only, ranging from 4 (low score: “Definitely a Pattern” for all) 

to 1 (high score: “Definitely Not a Pattern” for all). An overall bias towards reporting patterns 

regardless of block type was measured by subtracting accuracy for pattern blocks alone (high 

score = 1, low score = 4) from illusory detection, such that higher scores (max score = 3) 

reflected more frequent reporting of patterns.  

The extent to which individuals gain conscious access to implicitly-learned information 

has been a subject of considerable investigation (Destrebecqz & Cleeremans, 2001; Reber, 1989; 

Reber, 2013; Robertson, 2007). A number of steps were taken during the development of the task 

used in the present study to isolate IL-pat and minimize the potential for explicit awareness. 

First, the blocks were short in duration, as research has consistently demonstrated that 

participants can gain some level of awareness with extended exposure to pattern SRTT 

sequences (Reber, 2013). In addition, the opportunity to explicitly recall/rehearse target 

sequences in an effort to explicitly identify patterns for patterns was mitigated by removing the 

response-stimulus-interval (RSI) between key-press and the appearance of the next target 

(Destrebecqz & Cleeremans, 2001). During no-RSI versions of the SRTT, the next target appears 

immediately after the correct response is made; participants cannot use time between target 
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appearances (because the next target appears immediately) to consciously attempt to identify a 

pattern structure. 

Although participants were not explicitly told to search for any patterns, nor were they 

told that any of the blocks would contain patterns, it is reasonable to assume that questions about 

the presence of patterns may have caused some participants to look for embedded patterns (note 

that this is quite distinct from providing participants with any advance knowledge of the 

particular pattern sequences to be presented). Of course, it is also possible that participants would 

try to identify patterns in the sequences even without any questions related to patterns, and there 

are likely to be individual differences in the tendency to seek patterns. Of relevance to the 

present study, one possibility is that more religious people might be more likely to search for 

patterns, e.g., because this might align with an explicit, top-down belief that a god orders the 

universe. However, prior work has demonstrated that this explicit searching does not improve 

implicit learning, and may actually be deleterious (Fletcher et al., 2005; Howard & Howard, 

2001; Reber, 2013). It is therefore unlikely that a top-down tendency to explicitly seek patterns 

would manifest in superior IL-pat in the employed paradigm. Additionally, within the present 

study, a measure of analytic problem solving (i.e., one’s tendency to engage a top-down, 

effortful approach to solving problems; CRT; see below) was unrelated to implicit learning on 

the SRTT. 

Religious Belief Measures 

Belief in Divine Intervention Scale (BDIS; Supplementary Table 1.3). The BDIS 

(Degelman & Lynn, 1995) surveys participants’ level of agreement (six-point scale) with 

statements concerning God intervening in the world and human affairs. Cronbach’s alpha was 
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similarly high in both samples (U.S. = 0.88; Afghanistan = 0.77), indicating that the translated 

version of the measure was suitable for use in the Afghan sample.  

Overlapping Circles Tasks (Supplementary Fig. 1.1). Participants completed two 

Overlapping Circles tasks – modified from prior work (Hodges et al., 2013) – designed to 

measure beliefs about God’s influence on (1) their own actions (i.e., Self Overlap), and (2) 

events in the world (World Overlap). Participants arranged two circles onscreen such that the 

extent of overlap indicated their own representation of the extent of God’s influence. More 

overlap was interpreted as stronger belief in an intervening god.  

Belief Change. Belief Change was surveyed using a lab-developed change of belief 

measure, which consisted of 9-point Likert scales on which participants reported their own 

strength of belief in God starting at age 6 and then at three-year intervals up to age 24. 

Instructions stated that participants should not respond to items beyond their present age. Asking 

participants to report belief at three-year intervals was intended to encourage more precise and 

thorough consideration of responses than might have been achieved by a single query (e.g., how 

much has your belief changed since childhood?). This method to assess change in religious belief 

is consistent with prior work that has demonstrated the efficacy of assessing religiosity 

retrospectively (Ingersoll-Dayton et al., 2002; Shenhav et al., 2011). The primary outcome 

variable for Belief Change was the difference between reported strength of belief at the youngest 

surveyed age (6 years) vs. belief at the time of the study. Further characterization of this variable 

and its calculation can be found in the Supplementary Information. 

Universal Order (UO). To assess intuitions of order in the universe, we initially created 

a 4-item survey (Supplementary Table 1.4) in which participants were presented with statements 

concerning the presence of order in the universe (without reference to religion or God) and asked 
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to indicate their level of agreement (1-9), consistent with demonstrated means of explicitly 

measuring intuition (Dane & Pratt, 2009). Two of the original 4 UO questions were ultimately 

retained for analysis. These were: Q1 – “Everything happens for a reason,” and Q2 – “There is 

order to the universe,” for which responses were summed to produce a “universal order” (UO) 

score. The two other UO questions, which were not retained, included elements that could be 

interpreted as implied references to God: Q3 – “There is a Plan that Guides Events in the 

Universe,” and Q4 – “Something Beyond Physics Plays a Part in Deciding What Happens.” 

Indeed, participant responses to these two items were more strongly correlated with IB (both r ³ 

0.62) than were the two questions retained for analysis (both r £  0.42). The determination to 

exclude responses to Q3 and Q4 from analysis was made in order to more clearly distinguish UO 

from belief in an intervening god (although post-hoc analyses showed that inclusion of all items 

did not meaningfully change the reported results; Supplementary Fig. 1.5). Note that, because Q1 

and Q2 were presented before Q3 and Q4, any implied reference to a deity in Q3 or Q4 would 

not have influenced participants’ interpretation of Q1 or Q2. The UO survey for the European 

replication sample consisted of only the first two items. 

We anticipated that UO was unlikely to be meaningful for the Afghan sample because of 

a lack of culture- and language-specific interpretability of the UO prompts – much of the 

difficulty arose in the attempt to make the prompts “secular” (i.e., to use wording/framing that 

referred to an order in the universe without referring to a deity or any religious belief). These 

attempts ultimately led to prompts that were not interpretable in the intended ways, as 

determined by Z.W. in consultation with Dari-speaking experimenters. Therefore, scores on this 

measure were not analyzed in this sample. 

Additional Measures  
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Schizotypal Thinking. U.S. participants completed the 37-question yes-no Schizotypal 

Questionnaire, with the primary focus on the 17-item unusual perceptual experiences subscale 

(Claridge & Broks, 1984), to distinguish effects of IL-pat from belief in supernatural agency 

(Barnes & Gibson, 2013; Brugger et al., 1993; Reed et al., 2008). After translation and cultural 

adaptation, Afghan participants answered a 36-item version, with a 16-item perceptual 

experiences subscale. Cronbach’s alpha for the subscale was high (U.S. = 0.78; Afghanistan = 

0.83), reflecting appropriateness in both samples.  

Parents’ Strength of Religious Belief. Participants used a 9-point Likert scale to rate the 

strength of their parents’ religious belief during the participants’ childhood.  

Cognitive Reflection Test. The CRT (Frederick, 2005) consists of 3 calculation-based 

questions devised to elicit prepotent – but incorrect – responses, referred to as “intuitive.” 

Overriding these prepotent responses in favor of more effortful calculation, which is more likely 

to yield the correct solutions, is considered analytic thinking (also referred to as reflection). The 

number of correct and intuitive responses are summed for each participant. The CRT was 

completed by the U.S. re-contact and online European samples.  

Belief in Science Scale. The Belief in Science Scale (Farias et al., 2013), which consists 

of 10 questions intended to measure attitudes toward science, such as its value, reliability, and 

ability to provide an understanding of the world and human culture, was also completed by the 

U.S. re-contact and European samples. 

Statistical Analyses 

Interventionist Belief (IB) Component Score  

In order to reduce the number of variables in subsequent analysis, we sought to integrate 

three estimates of the same measurable characteristic (belief in an intervening god) into a single 
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DV for regression models. To determine whether this was appropriate, we first ran zero-order 

correlations with all three measures (BDIS, Self Overlap, World Overlap; Supplementary Tables 

1.5-7). For all samples, all scores were strongly positively correlated (all r > 0.54). Next, we 

performed a principal component analysis (PCA; Supplementary Table 1.8) to examine the 

structure of the data. We elected to perform a PCA because we theorized that variance on the 

three interventionist belief measures would be primarily due to a single, large component, 

consistent with the assumption imposed by PCA that all factors be orthogonal. As expected, a 

single component was retained for all samples. The ratio of the first to second eigenvalue was 

greater than 2.5 (U.S.: Component1 Eigenvalue = 2.30, Component2 Eigenvalue = 0.48; 

Afghanistan: Component1 Eigenvalue = 2.42, Component2 Eigenvalue = 0.50; European 

Sample: Component1 Eigenvalue = 2.30, Component2 Eigenvalue = 0.41), suggesting that 

scores on the three measures were indeed related to a single component. The one component 

solution was further confirmed by parallel analysis (U.S.: Component1 Simulated Eigenvalue = 

1.11, Component2 Simulated Eigenvalue = 1.01; Afghanistan: Component1 Simulated 

Eigenvalue = 1.17, Component 2 Simulated Eigenvalue = .99; European Sample: Component 1 

Simulated Eigenvalue = 1.16, Component2 Simulated Eigenvalue = 1.00) and Velicer’s MAP 

(U.S.: VSS 1 maximum complexity of .93 with one factor; Afghanistan: VSS 1 maximum 

complexity of .94 with one factor; European Sample: VSS 1 maximum complexity of .93 with 

one factor). We therefore created an Interventionist Belief (IB) principal component score for 

each participant using a least squares regression approach such that scores for each sample had a 

mean of 0 and a standard deviation of 1 (Supplementary Fig. 1.2).  

Data Availability 

The study data are available on the OSF repository (https://osf.io/g5ywe/). 
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STUDY 2: DYNAMIC DEVELOPMENT OF INTUITIONS AND EXPLICIT KNOWLEDGE 
DURING AN IMPLICIT LEARNING PARADIGM 

 
Implicit learning refers to learning without conscious awareness of the content acquired. 

Theoretical frameworks of human cognition suggest that intuitions develop based on incomplete 

perceptions of regularity during implicit learning and, in turn, lead to the development of more 

explicit, consciously-accessible knowledge. Surprisingly, however, this putative information 

processing pathway (i.e., implicit learning à intuition à explicit knowledge) has yet to be 

empirically demonstrated. The present study investigated the relationship between implicit 

learning, intuitions, and explicit knowledge using a modified Serial Reaction Time Task. Results 

indicated that intuitions of implicitly-learned patterns emerged prior to the development of explicit 

knowledge. Moreover, intuition timing and accuracy were significantly associated with accuracy 

of explicit reports. We did not, however, find that stronger implicit learners developed more 

accurate intuitions. Our findings suggest a crucial role of intuition in the formation of explicit 

knowledge from implicit learning experiences. 

 

The capacity to learn and respond to environmental patterns is an essential element of 

brain function (Clark, 2013). When such acquisition occurs without conscious awareness, the 

learning is commonly described as being “implicit” (Reber, 1989). Implicit learning has been 

implicated in a diverse collection of cognitive processes such as language development (Aslin & 

Newport, 2012; Saffran et al., 1996), visual perception (Rosenthal et al., 2016), and mastering 

sequences of movements (Nissen & Bullemer, 1987; Willingham, 1999). Although the defining 

characteristic of implicit learning is that it can proceed non-consciously, decades of research 

have clearly indicated that humans are able to acquire conscious knowledge of implicitly-learned 

information under certain circumstances (Cleeremans & Jiménez, 2002; Destrebecqz & 
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Cleeremans, 2001; Esser & Haider, 2017; Overgaard, 2018; Reber, 1989; Robertson, 2007; Rose 

et al., 2010; Song et al., 2009).  

There are a number of proposed theories for the process by which implicit information 

enters conscious awareness. One such perspective – often referred to as a “single system” view – 

argues against a distinction between conscious and non-conscious representation, suggesting 

instead that implicit knowledge becomes explicit through a strengthening of associations 

(Cleeremans & Jiménez, 2002; Destrebecqz & Cleeremans, 2003; Esser & Haider, 2017). Other 

models refer to different information processing systems (i.e., System 1 vs. System 2; 

Kahneman, 2003; Stanovich & West, 2000) with putatively different functions (Cleeremans, 

2006; Cleeremans & Jiménez, 2002). These so-called “two-system” models acknowledge that 

implicit and explicit learning are not fully separable in their operation (Evans, 2003; Evans, 

2008; Kahneman, 2003), but the process by which information becomes explicit cannot be 

explained by strengthening of associations alone. For example, some have argued that implicitly-

learned information becomes explicit only after implicit learning instantiates consciously 

perceivable changes in behavior, leading to metacognition about one’s actions (Frensch & 

Rünger, 2003; Rünger & Frensch, 2008).  

 According to a number of theoretical accounts of human information processing, 

implicitly learned information becomes explicit by way of at least one additional knowledge 

state: intuition. While several compatible definitions for intuition have been offered (Hodgkinson 

et al., 2008), one generally-agreed upon characterization for intuition is the experience of 

“knowing without knowing how one knows” (Epstein, 2010; Shirley & Langan-Fox, 1996). 

Intuitions have been theorized to develop based on incomplete implicit learning of information 

structure and probabilistic associations (Bowers et al., 1990; Hodgkinson et al., 2008; 
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Lieberman, 2000). That is, intuitive knowledge is a product of implicit learning (Dienes & 

Perner, 1999; Reber, 1989), and manifests as subjective experiences such as gut feelings 

(Hodgkinson et al., 2008) or tacit knowledge (Reber, 1989). In turn, intuitions can influence 

subsequent explicit beliefs, knowledge, and behaviors (Greenwald et al., 2002; Kahneman, 

2003).  

Resolving these different theories is far beyond the scope of the present work. Moreover, 

many of the discrepant perspectives stem from differences in how consciousness or explicit 

awareness are defined. For instance, some have drawn distinctions between perceptual 

consciousness – the general feeling of what it is like to be in a particular state – from access 

consciousness, when information or knowledge is reportable and/or able to be used for reasoning 

or justifying behavior (Block, 1995; Overgaard, 2018; Sandberg et al., 2010; Seth et al., 2008). 

Depending on which of these states on equates to “consciousness” will influence subsequent 

theories. Intuitions may rest somewhere between these two types of consciousness. Intuitions are 

not fully accessible, but having a vague sense of a something (e.g., a reoccurring regularity that 

was implicitly acquired) is frequently reportable, meaning that this experience is also not fully 

implicit or non-conscious. In other words, one may be able to report the intuition itself but the 

underlying knowledge content is not fully declarative. For clarification purposes, we consider 

explicit knowledge to be a state closely resembling access consciousness; the defining feature of 

explicit knowledge is that such knowledge is able to be reported and described. 

Rather than advocating for one single account over another, it is perhaps more instructive 

to identify shared perspectives across the different models. The transition from implicit to 

explicit knowledge stems from different expressions of dynamic, adapting systems (Aru & 

Bachmann, 2017; Cleeremans, 2006; Dennett, 1993; Overgaard, 2018; Sergent, 2018) that 
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modify how information is stored and incorporated in subsequent mental operations (Dehaene et 

al., 2006a; Dennett, 1993; Huang et al., 2017; Sergent, 2018). Neuroimaging work has clearly 

indicated the differential involvement of brain networks for implicit and explicit learning 

(Janacsek et al., 2020; Karuza et al., 2017; Schapiro et al., 2013, 2016), suggesting a multi-

system perspective. Because information can move between these systems, it seems likely that 

an intermediate “stage” is needed to create metacognitive judgements, which in turn may render 

implicitly-learned information explicit.  

One of the most frequently employed experimental paradigms to measure implicit 

learning is the Serial Reaction Time Task (SRTT; Nissen & Bullemer, 1987). Although there 

exist many SRTT variations, the basic format is relatively straightforward: participants are 

instructed to respond quickly and accurately to targets that appear at different locations on screen 

by pressing a corresponding button. At various times during the task, the targets appear in a 

complex repeating pattern/structure (verses appearing randomly). Implicit learning is 

operationalized as the difference between responding on random vs. patterned presentations to 

distinguish responding that is due to implicit learning from responding due to confounding 

influences such as motivation, fatigue, or familiarity (Robertson, 2007). Prior work has indicated 

variation in SRTT performance, thus implicit learning is an individual difference variable (e.g., 

Howard & Howard, 2001; Howard & Howard, 1997; Kalra et al., 2019; Song et al., 2009). 

Crucially, however, a growing body of work has also indicated that learners can obtain 

varying levels of explicit awareness during the SRTT under certain circumstances (Esser & 

Haider, 2017; Haider & Rose, 2007; Haider et al., 2011; Haider & Frensch, 2005; Verleger et al., 

2015; Willingham & Goedert-Eschmann, 1999; Yordanova et al., 2008; Yordanova et al., 2015). 

The extent to which this occurs is influenced by trial duration (i.e., extended exposure to patterns 
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increases opportunity for explicit awareness; Reber, 2013; Willingham, 2001) as well as the time 

interval between when the participant makes a key press and when the next target appears (i.e., 

shorter intervals limit opportunities to search for patterns and, in turn, obtain explicit awareness; 

Destrebecqz & Cleeremans, 2001; Reber, 2013). Another factor that can influence explicit 

awareness is whether participants are told that the targets may follow a pattern. For example, 

some experimenters have changed visual features of the targets to indicate when they appear in a 

pattern and when they appear randomly (Miyawaki, 2012; Rüsseler et al., 2018). Other 

experimental designs include training runs in which participants are instructed on to-be-repeated 

patterns (Batterink et al., 2015). Obtaining explicit awareness has been found to increase RT 

differences between pattern and random blocks (Esser & Haider, 2017; Haider & Rose, 2007; 

Haider et al., 2011), but the act of searching for a pattern may harm sequence learning (Batterink 

et al., 2015; Fletcher et al., 2005; Howard & Howard, 2001). 

For some, the wide range of conditions under which individuals can obtain explicit 

awareness – and the effects of doing so – preclude the SRTT from being a task of implicit 

learning, since learning can be altered by external variables or top-down influences (Shanks, 

2005; Vadillo et al., 2016). Indeed, extensive efforts have been made to isolate implicit learning 

and infer conscious awareness in a way that does not indicate to participants that patterns may 

occur, as doing so can disrupt implicit learning (Fu, Dienes, & Fu, 2010b, 2010a; Haider & Rose, 

2007; Norman & Price, 2010; Rose, Haider, & Buchel, 2010; Rünger & Frensch, 2008; Wessel, 

Haider, & Rose, 2012).  

We, however, take a different perspective. In many cases, implicit learning outside the 

laboratory exists alongside more conscious and effortful cognitive operations (Aru & Bachmann, 

2017; Huang et al., 2017; Overgaard, 2018; Rose et al., 2010; Sergent, 2018; Sun et al., 2001, 
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2005; Sun & Zhang, 2004); while different neurocognitive systems may be differentially 

involved based on the extent of conscious processing, implicit and explicit learning are fully 

dichotomous. For instance, when learning a new language, an individual is aware that there are 

grammatical and structural rules, but language learning is still generally regarded as implicit 

(Aslin & Newport, 2012; Saffran, Newport, & Aslin, 1996; Saffran, Newport, Aslin, Tunick, & 

Barrueco, 1997). Thus, even if top-down influences may disrupt implicit learning (as noted 

above), such influences may nonetheless be fairly common in “real world” implicit learning. 

That is, individuals are able to implicitly learn even when looking for regularities. Therefore, 

rather than a shortcoming, the potential for acquisition of conscious knowledge during the SRTT 

– as well as possible influences of top-down factors – are the very reason it is well-suited to 

explore how implicit information can become explicit. 

Taken together, extant theoretical accounts on implicit and explicit knowledge present a 

clear, temporally-based relationship: implicit learning precedes intuitions, which themselves 

emerge prior to explicit knowledge. Somewhat surprisingly, however, there is presently little 

experimental work to support intuitions based on implicit learning, and the role of intuitions on 

the development of more explicit knowledge is largely untested. Although individual differences 

in implicit learning are well-documented, the downstream effects of such variation remain poorly 

understood. That is, do stronger implicit learners develop more accurate intuitions? Similarly, do 

more accurate intuitions yield more accurate explicit knowledge?  

Here, we addressed these outstanding questions using a modified version of the Serial 

Reaction Time Task in which participants were asked to self-report intuitions and explicit 

knowledge of block structure (i.e., pattern or random). Based on a large body of theoretical work, 

we hypothesized that implicit learning would precede intuitions. That is, intuitions would emerge 
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from implicit learning. More specifically, we predicted that stronger implicit learners would 

provide more accurate intuitions. Additional hypotheses concerned the relationship between 

intuitions and explicit knowledge. We anticipated that intuitions would emerge prior to explicit 

knowledge, and further expected to observe a significant, positive association between accuracy 

and/or timing of intuitions and explicit knowledge. Additional exploratory analyses examined the 

effect of having more consciously-accessible knowledge on sequence learning. The hypotheses, 

methods, and analytic framework for the present study were preregistered on the Open Science 

Framework prior to data collection (https://osf.io/4pjmz). 

Method 

Participants 

One hundred and sixty-six participants completed the study online through Prolific 

(https://app.prolific.co/). The validity of online data collection has become a pressing topic of 

inquiry in behavioral science, and recent evidence indicates that Prolific offers higher quality 

data (e.g., based on participant attention and honesty) and a more diverse participant pool 

compared to alternative online research platforms, such as Amazon Mechanical Turk (Palan & 

Schitter, 2018; Peer et al., 2017). The experiment was designed with Gorilla (https://gorilla.sc/), 

an online behavioral experiment builder that allows for accurate recording of participant RT 

(Anwyl-Irvine et al., 2019). Participants provided informed consent, and all study procedures 

were approved by the Georgetown University IRB. Participants were paid $7.50. Following 

careful quality control of participant data (see Supplementary Information), the final sample 

consisted of 121 participants (Mage = 28.45, SD = 8.92; 58.58% male, 40.50% female), in line 

with a priori power considerations. 
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An additional group of participants (“confirmatory sample”) were also recruited online 

through Prolific. Data collection in this sample focused specifically on the temporal relationship 

between intuitions and explicit knowledge. That is, do intuitions precede explicit knowledge? 

Study procedures for this sample (N = 42, Mage = 25.42, SD = 8.31; 76.19% male, 23.81% 

female, following similar exclusion criteria for main study) are described at the end of the 

method section. 

Serial Reaction Time Task 

Participants completed a modified version of the Serial Reaction Time Task (SRTT), a 

widely-used implicit learning experimental paradigm. In the present version of the SRTT, target 

circles (henceforth referred to as “targets”) appeared in one of four positions arrayed horizontally 

onscreen (Fig. 2.1). Each target corresponded to a specific key on the keyboard. Participants 

were instructed on the target-key mappings, and were told to press the appropriate key as 

accurately and quickly as possible when each target appeared onscreen. The defining feature of 

the SRTT is that, at various times during the task, the targets appear in a repeating 

pattern/structure and, at other times, appear randomly. Patterns are designed to elude explicit 

awareness – at least initially – and implicit learning is operationalized as the difference in 

responding (based on RT) on pattern and random sections of the task to differentiate changes in 

RT based on sequence learning from those based on confounding influences.  

Notably, some participants may consciously search for embedded patterns during the 

SRTT, regardless of whether they are instructed to do so. The literature is somewhat mixed with 

respect to the effect of explicit search during the SRTT, although a reasonably well-replicated 

collection of studies have demonstrated that searching does not lead to faster responding and 

may actually harm performance (Fletcher et al., 2005; Howard & Howard, 2001; Reber, 2013). 
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Regardless of whether searching is ameliorative or deleterious, the opportunities for – and effect 

of – explicit search on the SRTT can be reduced by shortening the response-stimulus-interval 

(RSI), the delay between when a participant makes a correct key press and the presentation of the 

subsequent target. While early versions of the SRTT had an RSI of approximately 250ms 

(Destrebecqz & Cleeremans, 2001; Nissen & Bullemer, 1987), the next target in the present 

study appeared immediately after participants pressed the corresponding key. This so-called “no-

RSI” version of the SRTT significantly reduces the extent to which participants can search for 

patterns because the next target in the block appears immediately after a correct button-press, 

thereby eliminating the opportunity for participants to use the inter-stimulus-interval to anticipate 

the next target and explicitly learn the pattern structure (Destrebecqz & Cleeremans, 2001). 

After receiving task instructions, participants completed a 44-target practice block in 

which the targets appeared randomly. They then advanced through two phases of the SRTT, 

described below. The entire SRTT paradigm, including full instructions, is freely available for 

use at: https://gorilla.sc/openmaterials/54996. 
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Figure 2.1. Study 2 Serial Reaction Time Task. Participants indicated the locations of 4 targets by 
pressing the corresponding key. For example, a target in the left most location was associated with the “d” 
key. During the uninstructed learning phase, pattern blocks consisted of a 10-target repeating pattern 
(repeated 10x), comprised of three first-order structures (orange bar) and two second order structures 
(purple bar). During the instructed learning phase, participants completed three 10-target pattern blocks and 
two 15-target pattern blocks, which also consisted of first-order (orange bar) and second-order (purple bar) 
structures.  

 
Uninstructed Learning Blocks 

Following practice, participants performed the “Uninstructed Learning” phase of the 

experiment in which they completed four discrete 100-target blocks (2 pattern, 2 random), with 

order counterbalanced. The two pattern blocks contained a distinct 10-target repeating pattern, 

which itself was composed of three first-order structures (Fig. 2.1, orange bars) and two second-

order triplets (Fig. 2.1, purple bars). Random blocks did not include regular repetitions. Notably, 

the uninstructed learning blocks were completed before participants received any information 
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regarding the possible presence of patterns. Learning during the uninstructed blocks was 

therefore likely to be less influenced by top-down processes compared to learning during the 

instructed blocks. 

Instructed Learning Blocks  

Following completion of the uninstructed learning blocks, participants were informed 

that the targets may appear in a pattern and that at other times the targets would appear 

randomly. Additional text indicated that, at different points during the task, they may develop 

intuitions (“you may have a sense that [there might be a pattern/dots might be appearing 

randomly] but may not be sure why you feel that way”) and explicit knowledge (“clear 

knowledge that the dots [are following a pattern/appearing randomly]”). Finally, participants 

were instructed to self-report the precise moment at which they developed intuitions and/or 

explicit knowledge of patterns or randomness by pressing a “stop key” (“Y” on the keyboard). 

Upon making a self-report, participants were immediately directed to a separate screen to 

indicate (1) whether they had an intuition or explicit knowledge and (2) whether they perceived 

(intuitively or explicitly) a pattern or randomness. If they reported explicit knowledge of a 

pattern, participants were asked to reproduce it. After providing this information, participants 

were redirected back to the same block and were permitted to stop the block again at any point. 

Notably, participants could report explicit knowledge prior to reporting an intuition, thus 

allowing for an empirical assessment of whether intuitions emerged before explicit knowledge. 

The instructed learning phase (Fig. 2.2) consisted of 10 blocks with 105 targets each (5 pattern 

blocks, 5 random blocks). Pattern blocks were distinct from the pattern blocks in the uninstructed 

phase. All blocks ended after the 105th target. 
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Figure 2.2. Serial Reaction Time Task study design. Participants completed 4 uninstructed learning 
blocks (order counterbalanced) before receiving additional instructions. The instructed learning phase of 
the study consisted of 10 blocks (also counterbalanced), during which participants were tasked with making 
self-reports to indicate intuitions and/or explicit knowledge. After a self-report, participants returned to the 
learning block. Each block ended after the 105th target, regardless of the number of self-reports made. 

 
Scoring Self-reported Intuitions and Explicit Knowledge 

We were interested in the timing and accuracy of self-reported intuitions and explicit 

knowledge. To score timing, we recorded the target number in the block when the report was 

made, such that lower values indicated an earlier report. For example, a participant who reported 

an intuition on the 30th target and explicit knowledge on the 80th target would have scores of 30 

for intuition and 80 for explicit knowledge for that block. A complicating factor, however, 

concerned how to score no-reports (i.e., when a participant did not make an intuitive and/or 

explicit judgement by the end of an instructed learning block). One option would be to ignore 

no-reports, obtaining the mean timing only for cases in which a participant indicated an intuition 

and/or explicit knowledge. This was deemed inappropriate, however, as such an approach would 

have overlooked all the blocks for which a participant could not discern the structure of the target 
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presentation. Instead, when participants did not make a report by the end of the block, they 

received a timing score of 105 (because they responded to 105 targets). For example, if a 

participant reported an intuition on the 30th target but did not make an explicit judgement for that 

block, they would have received timing scores of 30 and 105 for intuitions and explicit 

knowledge respectively.  

Similar issues also applied to accuracy. Ignoring no-responses for a percent correct score 

would not be appropriate. In such a case, a participant who made only one explicit judgement 

(but did so correctly) would have higher explicit accuracy than a participant who made 10 

reports, but only 8 of which were correct. Merely summing the number of correct reports (and 

then dividing that number by the total number of blocks) would also be problematic, as a no-

response would treated equivalently as an incorrect response. In light of these shortcoming, we 

instead preferred a measure of signal detection, a form of analysis that is appropriate when 

multiple types/conditions of stimuli must be discriminated (Stanislaw & Todorov, 1999). Many 

commonly-used approaches to signal detection – such as d-prime (Forrin et al., 2016; Haatveit et 

al., 2010) – are most effectively applied when a task contains several trials. The present study, 

however, contained only 10 blocks. Therefore, self-reports were scored using a simple 

discriminability index, in which correct responses were coded as 1, incorrect responses as -1, and 

no-response as 0. Average discriminability indices were obtained for intuitions and explicit 

knowledge.  

Finally, following an explicit report of a pattern, participants were asked to reproduce the 

pattern (henceforth, “pattern recall”). Pattern recall was scored based on the reported number of 

correct, contiguous elements of the repeating pattern, starting/ending anywhere within the 

repeating pattern. For example, in the case of the 10-target pattern in Figure 2.1, a participant 
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who entered the pattern “F D K J D” would have received a score of 5, as would have a 

participant who entered “D K F D K.” Scores for all five patterns were summed for an overall 

pattern recall score. 

Analytic Strategy 

To measure implicit learning – as well as its association with intuition – we ran series of 

mixed effects models, consistent with recent work on sequence learning (Kahn et al., 2018; 

Karuza et al., 2019). Mixed effects models are appropriate when several repeated measurements 

or observations (Level 1) are nested within a higher level of data (Level 2; Goldstein, 2011; 

Longford, 1995). In the present study, target-level information (e.g., target number within the 

block, block condition) were modeled as a Level 1 variables, nested within each participant 

(Level 2). All mixed effects models (described in detail below) were fit via maximum likelihood 

and unstructured variances and covariances, using the mixed command in STATA 15 (Stata, 

2017). Significance tests were two-sided. Because learning during the uninstructed and 

instructed blocks were performed under different task demands, we performed separate mixed 

effects models for these two phases of the experiment. 

Uninstructed Learning Block 

In order to measure uninstructed implicit learning, we fit a mixed effects model in which 

RT (for each individual target) was positioned as the dependent variable, with the following 

Level 1 independent variables: target number (i.e., 1 to 100), block condition (pattern or 

random), and corresponding button (D, F, J, K). Crucially, all models also included a Target 

Number X Block Condition interaction term, which indicated the extent to which learning rate 

(based on changes in RT over the course of the block) varied as a function of block condition. 

That is, the interaction term provided an estimate of implicit learning. The first 10 targets for 
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each block were excluded to allow for a brief familiarization. We also excluded all targets with 

an RT > 1000ms as well as those for which a participant made an incorrect button press.  

 When fitting mixed effects models, it is important to carefully consider the treatment of 

each Level 1 variable (i.e., fixed or random slope). Because we hypothesized – and were 

primarily interested in – participant-level variation in implicit learning, the Target Number X 

Block Condition interaction term was set to random. Treatment of the remaining Level 1 

variables was resolved empirically; planned likelihood ratios tests were performed to determine 

the most parsimonious model. Level 1 variables were set to random only if doing so improved 

model fit. Participant-level deviation from the Target Number X Block Condition coefficient was 

saved to provide a measure of implicit learning for each participant (variables coded such that 

higher values indicated greater implicit learning).  

Instructed Learning Block 

We fit four mixed effects models for the instructed block. In addition to what is described 

below, all instructed learning blocks included an additional covariate regressor – “Lag Time”- to 

control for any aberrant delays between when a participant made a correct button-press and the 

appearance of the next target (see SI 1 for more discussion of this variable). 

Model 1: Sequence Learning. The first model examined sequence learning over the 

course of the entire instructed learning phase of the experiment. Here, we make a distinction 

between “sequence learning” and “implicit learning.” Because many Level 1 data points for the 

instructed learning blocks were likely to occur after a participant self-reported more consciously-

accessible knowledge (i.e., intuitions or explicit knowledge), it would be inappropriate to refer to 

learning over the course of the entire block as “implicit.” To measure instructed sequence 

learning, RT was again regressed on target number, block condition, corresponding button, and a 
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Target Number X Block Condition interaction term. RTs of > 1000 ms were again excluded, as 

were the first 10 targets following every self-report to allow for re-familiarization with the block. 

Excluding the targets immediately after a self-report, however, meant that participants would 

have a different number of Level 1 data points as a function of how many times they made a 

report. For example, a participant who made two self-reports during a block would have 20 

fewer data points (excluding any additional RTs > 1000ms) than a participant who did not make 

a self-report during that block. We compensated for this inherent discrepancy with two additional 

Level 1 covariate regressors. One – number of excluded targets – captured, for each participant 

at each block, how many data points were excluded from analysis. Second, this model also 

included an additional dummy variable – First Report – to indicate whether each target for each 

block for each participant was before or after the first self-report (in that block) to control for 

differences in responding based on level of conscious knowledge.  

Model 2: Instructed Implicit Learning. Sequence learning over the entire instructed 

phase of the SRTT was not considered to be implicit. Learning prior to the first self-report, 

however, may still be classified as implicit, although responding during this phase was likely to 

be subject to some top-down influences (e.g., looking for patterns, trying to remember regular 

repetitions). Thus, by constraining analyses to responding before the first self-report in each 

block, we are able to measure “instructed” implicit learning. All blocks for which a participant 

did not make a self-report were excluded. This mixed effects model was fit with the same 

parameters as those used for the uninstructed learning phase (target number, block condition, 

corresponding button, Target Number X Block Condition interaction term), with an additional 

Level 1 covariate that indicated, for each target for each participant at each block, how many 
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targets were presented before the first self-report. This variable allowed us to partially control for 

implicit learning differences based on the number of available data points.  

 Model 3: Self-report Effect. A third mixed effects model examined the extent to which 

the first report influenced sequence learning during the SRTT. In other words, does sequence 

learning improve following a self-report? This model was fit with the same parameters used to 

capture learning over the entire instructed learning block, with an additional three-way 

interaction term – Target Number X Block Condition X Self-Report – that indicated the extent to 

which sequence learning (i.e., Target Number X Block Condition) changed following a self-

report.  

 Model 4: Differences in Implicit Learning Based on Intuition Accuracy. Finally, we 

used a mixed effects framework to investigate our hypothesis regarding the relationship between 

implicit learning and intuitions. Here, we again constrained analyses to before the first self-report 

for each participant at each block (i.e., while learning was still implicit). A Level 1 dummy 

variable – Self-Report Accuracy – coded each Level 1 data point based on whether the 

participant would eventually make a correct or incorrect self-report for each block (excluding 

blocks for which a participant did not make a self-report). This variable was then used in an 

additional three-way interaction term (Target Number X Block Condition X Self-Report 

Accuracy), with the coefficient of this interaction term reflecting the extent to which implicit 

learning (i.e., Target Number X Block Condition) varied based on self-report accuracy.  

Confirmatory Sample Procedures 

 One of the primary research questions of the present study concerned the temporal 

relationship between intuitions and explicit knowledge. Said simply, do intuitions develop before 

explicit knowledge? Although participants in the main sample were provided with specific 
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definitions for these two terms (as described above), it is plausible that participants may have 

entered the study with preconceived definitions for explicit knowledge and/or intuition. That is, 

they may have inferred or assumed that intuitions come first.  

A small confirmatory sample was recruited in order to rule out this alternative 

explanation. Procedures for the confirmatory sample were identical to those of the main sample, 

with one key exception. Following the uninstructed learning phase, all participants were 

informed that the targets may appear in a pattern or randomly (as in the main sample). In contrast 

to the main sample, however, half of the participants received instructions for how to report 

intuitions while the other half were instructed on how to report explicit knowledge.  In other 

words, participants were made aware of – and asked to indicate – only one type of knowledge. 

At the midway point of the instructed learning phase, participants received instructions on how 

to report the alternative type of knowledge (e.g., participants who were first asked to report 

intuitions received instructions on reporting explicit knowledge). Crucially, even in the second 

half of the instructed learning phase, participants were still only tasked with making a single kind 

of report. This design allowed us to examine differences using both a within subject (i.e., 

comparing timing of judgements for intuitions and explicit knowledge) and between-subject 

design (examining timing differences based on task instruction, particularly for the first half of 

the instructed learning phase).  

Results 

Confirmatory Sample 

 We hypothesized that intuitions would develop prior to explicit knowledge. Results from 

the confirmatory sample were consistent with this prediction. A paired samples t-test indicated a 

significant within-subject effect, such that participants reported intuitions (MTarget = 51.39, SD = 
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22.02) earlier than explicit knowledge (MTarget = 67.88, SD = 22.588; t(41) = -5.14, p < 0.0001; 

Fig. 2.5A). Similarly, when analyses were restricted to only the first set of instructed learning 

blocks (i.e., when participants reported intuitions or explicit knowledge without awareness of the 

other knowledge condition), a two-sample t-test with unequal variances revealed a significant 

effect of instruction type (t(39.96) = 2.70, p = 0.01), demonstrating that participants made earlier 

self-reports when instructed to indicate intuitions compared to when they were instructed to 

indicate explicit knowledge. We did not observe a within or between-subject effect for 

discriminability based on knowledge type (both ps > 0.17, Fig. 2.5B), although no such effect 

was hypothesized. Taken together, results from this sample are in line with the hypothesized 

temporal relationship of intuitions and explicit knowledge. Further, these results argue against 

the interpretation that any differences in intuition and explicit knowledge timing in the main 

sample would stem from participants’ pre-existing beliefs about intuitions and explicit 

knowledge.  

 

Figure 2.3. Learning rates during uninstructed and instructed blocks. Trajectories reflect average RT 
for the whole sample, smoothed with a 10-window sliding mean. (A) Implicit learning during the 
uninstructed blocks. (B) Implicit learning (i.e., before first self-report) during the instructed blocks. (C) 
Sequence learning over the duration of the instructed phase of the SRTT. Differences in learning rate 
between patterned and random blocks significant for all (p < 0.001). Despite differences in RT trajectories, 
visual inspection indicates similar RT drop-off for patterned blocks around midpoint of learning period, 
particularly for the two implicit learning conditions.  
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Implicit Learning During Uninstructed Block 

 All participants performed an uninstructed learning phase of the SRTT in which they 

completed four 100-target blocks, of which two contained a unique 10-target repeating pattern. 

Learning rates for pattern and random blocks are displayed in Figure 2.3A. Following a series of 

likelihood ratio tests (Table S2.1), the mixed effects model was fit with random slopes for all 

Level 1 variables. Results indicated clear evidence of implicit learning; we observed a significant 

Target Number X Block Condition interaction (estimated effect: 0.46, z = 8.99, p < 0.001; Table 

2.1), such that participants responded increasingly fast during the pattern blocks relative to the 

random blocks. Participant-level estimates for implicit learning (i.e., variation from Target 

Number X Block Condition coefficient; higher values = stronger implicit learning) were retained 

for use in subsequent analyses. 

Table 2.1. Mixed effects models for uninstructed learning (fixed effects) 

Reaction Time Estimate Std. Err. z p 95% Conf. Interval 

Target Number† -0.04 0.04 -0.89 0.375 -0.12 0.04 

Block Condition       
Random✤ 9.07 1.72 5.28 <0.001 5.71 12.44 

IL: Target Number X 
Block Condition   

      

   Random 0.46 0.05 8.99 <0.001 0.36 0.56 

Button       

   F 40.37 1.41 28.56 <0.001 37.60 43.14 

   J 32.65 1.92 17.04 <0.001 28.89 36.40 

   K -8.91 2.48 -3.59 <0.001 -13.78 -4.04 

Intercept 463.09 7.22 64.18 <0.001 448.95 477.23 
Note: † effect for patterned blocks, ✤ effect at Target Number 45.5; IL = implicit learning 
 

Learning During Instructed Block 

 After completing the uninstructed learning block, participants were informed that, at 

different points during the remainder of the task, the targets would appear in a complex pattern. 
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Additionally, they were asked to self-report when they developed intuitions and/or explicit 

knowledge.  

Sequence Learning across Entire Block.  

To estimate sequence learning across the entire instructed learning portion of the SRTT 

(Fig. 2.3C), we fit a similar mixed effects model to that used in the uninstructed phase. This 

model (Table S2.3) revealed a significant Target Number X Block Condition interaction 

(estimated effect = .018, z = 4.07, p < 0.001), indicating that, even when provided with 

additional task instructions, participants responded increasingly fast on patterned blocks 

compared to random blocks. We also observed a significant effect of the first self-report for each 

block; average target RT was 16.81ms less for all targets following the report (z = 14.79, p < 

0.001). 

Instructed Implicit Learning 

To investigate instructed implicit learning, we next restricted our analyses to the targets 

for each block that occurred prior to the first self-report. For example, if a participant made a 

self-report on the 30th target of a given block, we examined targets 1-29 for that block for that 

participant. Analyses were further constrained to include only blocks for which a participant 

made a self-report. Although participants were now aware that some blocks may be patterned – 

and, presumably, they may have been searching for such patterns – we nonetheless refer to 

learning prior to the first self-report as being implicit since participants had not yet reported more 

consciously accessible knowledge.  
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Table 2.2. Implicit learning during instructed learning block (fixed effects) 

Reaction Time Estimate Std. Err. z P 95% Conf. Interval 
Target Number † 0.83 0.04 20.28 <0.001 0.75 0.91 
Block Condition       
   Random ✤ 9.89 1.80 5.48 <0.001 6.35 13.43 
IL: Target Number X 
Block Condition       
   Random 0.30 0.08 3.60 <0.001 0.14 0.46 
Button       
   F 28.86 1.55 18.66 <0.001 25.83 31.89 
   J 1.93 1.53 1.26 0.206 -1.06 4.92 
   K -13.41 1.53 -8.76 <0.001 -16.41 -10.41 
Lag Time 4.86 1.67 2.91 0.004 1.58 8.13 
Number of Targets -0.42 0.04 -11.79 <0.001 -0.49 -0.35 
Intercept 451.99 28.14 16.06 <0.001 396.83 507.15 

Note: † effect for patterned blocks; ✤ effect at Target Number 53; IL = implicit learning 
  

A mixed effects model (Table 2.2) supported our hypothesis that, even with the 

additional instructions that preceded this phase of the SRTT, participants were able to implicitly 

learn the patterned structure (Fig. 2.3B). That is, we observed a significant Target Number X 

Block Condition interaction (estimated effect = 0.30, z = 3.60, p < 0.001; Table 2.2). It is worth 

noting, however, that participants displayed a small increase in RT for patterned blocks prior to 

making a self-report (estimated increase of 0.83 ms at each target), but this increase was 

significantly less than the increase observed on random blocks (i.e., as indicated by the 

significant interaction). This may be due to the increased pattern complexity during the 

instructed learning phase or top-down influences. Another explanation may be that participants 

had comparatively less exposure time to each pattern (because participants stopped the block to 

report knowledge). Consistent with this interpretation, we found a significant, negative effect of 

Number of Targets, such that participants who responded to more targets prior to making a self-

report exhibited shorter average RT (estimated effect = -0.42, z = -16.06, p < 0.001).  
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Lastly, a paired t-test to compare participant-level estimates of implicit learning during 

instructed and uninstructed learning indicated the difference in Target Number X Block 

Condition coefficients across the two mixed effects models was significant (t(120) = 2.54, p = 

0.01). Thus, implicit learning was greater during the uninstructed phase. Implicit learning was 

also uncorrelated across the two experimental phases (r = -0.04, p = 0.74). 

Effect of Self-report 

We next asked whether obtaining more consciously-accessible knowledge influenced 

sequence learning. In other words, did participants respond increasingly fast on pattern blocks 

(relative to random) after reporting sequence knowledge? This question was investigated by 

fitting a mixed effects model with a Target Number X Block Condition X Self-Report interaction 

term. Results from this model (Table S2.4), revealed a significant three-way interaction 

(estimated effect = -0.17, z = -2.06, p = 0.04), with greater sequence learning (i.e., difference in 

learning rate for pattern and random blocks) for targets after a self-report (Fig. 2.6A).  

Association Between Implicit Learning and Intuition 

Uninstructed Implicit Learning 

We hypothesized that stronger implicit learners would provide more accurate intuitions. 

Given recent work demonstrating implicit learning stability across different contexts (Kalra et 

al., 2019), we first asked whether uninstructed implicit learning was correlated with accuracy and 

timing of intuitions in the instructed block. To be clear, this question concerned whether implicit 

learning with one set of stimuli (i.e., uninstructed blocks) was correlated with the development of 

intuitions on a separate set of implicitly-learned stimuli (instructed blocks). We did not find any 

evidence in favor of this association (Table 2.3); better implicit learning in the uninstructed block 

was not correlated with timing of intuitions. Instead, uninstructed implicit learning showed a 
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trending association in the opposite direction (i.e., r = 0.16, p = 0.08). We also failed to observe 

an association between uninstructed implicit learning and intuition discriminability (r = -0.09, p 

= 0.32).  

Table 2.3. Correlations between uninstructed implicit learning, intuitions, and explicit knowledge 

 Uninstructed 
IL 

Intuition 
Timing 

Intuition 
Discriminability 

Explicit 
Timing 

Explicit 
Discriminability 

Intuition Timing 0.16 --    
Intuition Discriminability -0.09 -0.30*** --   
Explicit Timing -0.03 0.16 0.14 --  
Explicit Discriminability -0.01 -0.26** 0.28** -0.42*** -- 
Pattern Recall -0.02 -0.33** 0.21* -0.39*** 0.65*** 
Note: *; p < 0.05; **p < 0.01; ***p < 0.001  
 
 
Instructed Implicit Learning 

We next fit an additional mixed effects model to more directly test the prediction that 

intuitions developed from implicit learning. Further, we investigated whether more accurate 

intuitions were associated with stronger implicit learning. Here, we focused specifically on 

learning prior to the first self-report for each participant in each block (i.e., when learning was 

still implicit), and used a 3-way Target Number X Block Condition X Intuition Accuracy (0 = 

correct intuition, 1 = incorrect intuition) term to estimate the extent to which implicit learning 

differed based on intuition accuracy, with a significant (and negative) coefficient indicating 

implicit learning was stronger for correct intuitions.  

Results from this model indicated that both correct and incorrect intuitions were preceded 

by implicit learning (Fig. 2.4B). Thus, consistent with our hypothesis, intuitions emerged from 

implicit learning. However, results did not support our hypothesis that intuition accuracy would 

vary as a function of implicit learning. That is, accurate intuitions (relative to inaccurate 
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intuitions) were not preceded by stronger implicit learning (Target X Block Condition X 

Intuition Accuracy estimated effect = 0.19, z = 1.44, p = 0.15; Table S2.5).  

 

Figure 2.4. Differences in learning rates. (A) Sequence learning was greater after making a self-report 
(Target Number X Block Condition X First Report significant in mixed effects model: p = 0.04). (B) 
Implicit learning did not differ based on intuition accuracy; results from a mixed effects model failed to 
find a significant effect of accuracy on implicit learning (Target Number X Block Condition X Intuition 
Accuracy: p = 0.15). **Estimated effect in mixed effects model p < .001; 95% confidence interval indicated. 

 
Intuitions Precede Explicit Knowledge 

 During the instructed learning block, participants were asked to self-report their own 

intuitions and explicit knowledge. In cases in which a participant indicated explicit knowledge of 

a pattern, they were then asked to recall the pattern. Crucially, participants were not told to 

indicate intuitions before explicit knowledge, leaving open the possibility that explicit 

knowledge would emerge without – or before – intuition.  

 Our findings supported our hypothesis that intuitions precede explicit knowledge. Paired 

t-tests revealed that participants reported intuitions earlier than explicit knowledge of block 

structure (t(120) = -11.03, p < 0.0001; Fig 2.5A), in line with findings from the smaller 

confirmatory sample. We also calculated a discriminability index for self-reported knowledge. 

Discriminability was significantly greater than chance (0) for both intuitions (t(120) = 9.41, p < 
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0.0001) and explicit knowledge (t(120) = 10.16, p < 0.0001), indicating that participants were 

able to accurately assess their own awareness of block structure. Consistent with the 

confirmatory sample, we did not observe any differences between discriminability of intuitions 

and explicit knowledge (t(120) = 0.93, p = 0.36).  

 

Figure 2.5. Intuitions developed before explicit knowledge. Self-reported intuitions were made before 
explicit reports (A), but there was no difference in discriminability (B). ** p < 0.0001, 95% CI indicated. 

 
Intuitions Are Associated with Explicit Knowledge 

 Having established that intuitions developed prior to explicit knowledge, we next 

examined whether accuracy and/or timing of intuitions were associated with later explicit 

awareness. First, we observed a positive, weak correlation between timing of intuition and timing 

of explicit awareness (r = 0.16, p = 0.08). Further, results indicated a significant negative 

correlation between intuition timing and number of correct explicit judgements (r = -0.32, p = 

0.0003). However, this effect stemmed largely from cases in which participants reported an 

intuition and did not make an explicit report. Therefore, a more informative – and rigorous – 

approach was to investigate the correlation between intuition timing and discriminability of 

explicit reports. As displayed in Table 2.3, intuition timing was also negatively correlated with 

explicit knowledge discriminability (r = -0.26, p = 0.004), such that earlier intuitions were 
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associated with better explicit knowledge. Moreover, we found that pattern recall was negatively 

correlated with intuition timing (r = -0.33, p = 0.0002; Fig. 2.6A) and positively correlated with 

intuition discriminability (r = 0.21, p = 0.02; Fig. 2.6B). Taken together, these results provide 

clear evidence that the timing and quality of intuitions were associated with the timing and 

quality of later explicit knowledge. 

 

Figure 2.6. Intuitions associated with later explicit awareness. Faster (A) and more accurate (B) 
intuitions were associated with explicit awareness. Note: Participants who never reported explicit 
knowledge were removed only for visualization purposes. *p < 0.05; **p < 0.001. 

 
Discussion 

The present study investigated the development of explicit knowledge during an SRTT 

paradigm. Given prior theoretical accounts indicating implicit learning as a basis of intuition 

(Bowers et al., 1990; Epstein, 2010; Hodgkinson et al., 2008; Lieberman, 2000; Reber, 1989; 

Shirley & Langan-Fox, 1996), and intuition as a precursor to explicit knowledge (Greenwald et 

al., 2002; Kahneman, 2003), we hypothesized that intuitions would emerge from implicit 

learning. More specifically, we predicted that stronger implicit learners would provide more 

accurate intuitions. Further, we anticipated that participants would indicate intuitions prior to 

explicit reports, and that better/earlier intuitions would lead to more explicit knowledge. Results 

supported most, but not all of these hypotheses. Most notably, we found that intuitions were 
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preceded by implicit learning. Moreover, the timing and accuracy of intuitions were associated 

with the accuracy and timing of later-reported explicit knowledge. Thus, intuitions appear likely 

to develop from implicit learning experiences and may indeed function as a basis of explicit 

knowledge. We did not, however, identify a relationship between the quality of implicit learning 

and the quality of intuitions. In other words, better implicit learners (both during the instructed 

and uninstructed phases of the study) did not reported earlier or more accurate intuitions. 

A vast number of (sometimes) compatible models have been advanced to describe the 

processes by which implicitly-learned information becomes explicit. The present findings lend 

support to a number of such accounts. Our results are broadly consistent with the theorized 

relationship between implicit learning, intuition, and explicit knowledge (Epstein, 2010; 

Kahneman, 2003; Reber, 1989, 1992). Despite the prominence of intuition-based theories of 

human cognition, we are unaware of any work that has empirically demonstrated that intuitions 

are preceded by implicit learning, or that intuitions emerge before – and are associated with – 

later explicit knowledge. These relationships were identified in the present study; intuitions 

developed from implicit learning and were correlated with explicit knowledge. More 

specifically, participants who reported earlier intuitions made more accurate explicit reports and, 

perhaps most impressively, were able to recall more pattern elements. 

These findings are also generally aligned with other theoretical frameworks of human 

cognition. For example, a number of dual-system theories indicate that, while implicit and 

explicit processes may be driven by different inputs and have different functions, they are 

nonetheless interlinked in their operation (Evans, 2003; Evans, 2008; Kahneman, 2003). 

According to these perspectives, however, some sort of additional step is needed in order to 

allow information initially processed in one system to be accessed by the other. For example, 
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Higher Order Thought theories of consciousness (Lau, 2007; Rosenthal, 1990) argue that 

consciousness emerges when a system is able to represent what it does or does not know. 

Similarly, the Unexpected Event Hypothesis (Esser & Haider, 2017; Frensch & Rünger, 2003; 

Haider & Frensch, 2005; Rünger & Frensch, 2008), drawing in part from error-prediction 

learning models (Clark, 2013; Rescorla & Wagner, 1972), also suggests that explicit knowledge 

develops from implicit learning when one gains some sort of meta-awareness, often through a 

consciously-perceivable change in behavior. Other models of consciousness refer to “retro-

perception” (Sergent, 2018; Sergent et al., 2013; Thibault et al., 2016), “traces” left behind by 

non-conscious processing. Individuals can become aware of implicitly acquired information if 

they are able to direct their attention while there is still a trace. The current findings suggest that 

intuition – a vague sense of knowledge that eludes verbalization (Reber, 1989) – may fit with 

these perspectives. To be concrete, because intuitions emerged from implicit learning and were 

associated with explicit awareness, one explanation for how implicit information becomes 

explicit may be that learners first obtained an intuition of block structure (i.e., pattern or 

random), and then “used” that intuition to develop more conscious knowledge. In other words, 

participants gained a meta-awareness of their own intuition, allowing them to explicitly attend to 

and identify the block structure.  

Results from the present study also bear relevance on a number of prior findings 

concerning the effect of (1) explicit search and (2) explicit knowledge during the SRTT. Mixed 

effects models indicated clear evidence of implicit learning during both the uninstructed and 

instructed portions of the task. Notably, prior to beginning the instructed (but not uninstructed) 

learning phase, participants were informed that some blocks may contain complex repeating 

patterns. They were also asked to indicate when they developed intuitions and explicit 
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knowledge. Prior work has demonstrated that explicit searching – which presumably occurred to 

a greater degree during the instructed phase of the task – may impede implicit learning by 

disrupting task elements that would otherwise facilitate learning (Fletcher et al., 2005; Howard & 

Howard, 2001; Reber, 2013). Our findings lend additional support to this literature; implicit 

learning during the uninstructed phase of the task was significantly greater than implicit learning 

during the instructed portion. This suggests that the additional top-down processes induced by 

the instructions to report/search for block structure influenced implicit learning. Although 

searching may harm performance, having explicit knowledge of the embedded pattern has been 

shown to increase RT differences between random and pattern conditions (Esser & Haider, 2017; 

Haider & Rose, 2007; Haider et al., 2011). Here, too, our findings support and extend upon prior 

work. Mixed effects models indicated a significant 3-way Target Number X Block Condition X 

Self-Report interaction, with sequence learning greater for targets after a self-report. Thus, 

explicit search may disrupt implicit learning, but once a learner reported more consciously-

accessible knowledge (i.e., intuitive or explicit), sequence learning was improved. In this way, 

more accessible knowledge of the embedded sequence may have allowed participants to better 

anticipate subsequent targets, particularly during pattern blocks. However, one alternative 

explanation for this result may be that, upon indicating knowledge, participants reduced their 

explicit search (because of a belief that they had identified the block structure). In other words, 

the improvement in sequence learning would be an indirect consequence of reported knowledge 

because learners “turned off” their deleterious searching. 

Given the above-mentioned effects of explicit search, it is prudent to recognize one 

inherent complicating factor of the present experimental design: the effect of top-down 

influences during the instructed phase of the task. Given the well-established finding that 
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learners can develop explicit knowledge during the SRTT under certain conditions (Esser & 

Haider, 2017; Haider & Rose, 2007; Haider et al., 2011; Haider & Frensch, 2005; Verleger et al., 

2015; Willingham & Goedert-Eschmann, 1999; Yordanova et al., 2008; Yordanova et al., 2015), 

a number of past studies have sought to infer explicit awareness in a way that does not inform 

participants prior to beginning the task that they may encounter patterns (Fu et al., 2010b, 2010a; 

Haider & Rose, 2007; Huang et al., 2017; Norman & Price, 2010; Rose et al., 2010; Rünger & 

Frensch, 2008; Wessel et al., 2012). The reasoning behind such an approach is straightforward; 

in order to study implicit processing, the information must remain implicit. Accordingly, if 

participants are asked to report when something becomes explicit, such instructions are likely to 

increase top-down processing (i.e., looking for patterns), which in turn may preclude pre-report 

responding from being implicit.  

We do not dispute that such instructions – like the ones used in the present study – may 

bring about top-down search. Rather, our findings indicate that this was likely to have been the 

case, as learning was greatest during the uninstructed learning phase. However, because “real 

world” implicit learning is accompanied by a host of additional external factors (Aru & 

Bachmann, 2017; Huang et al., 2017; Overgaard, 2018; Rose et al., 2010; Sergent, 2018; Sun et 

al., 2001, 2005; Sun & Zhang, 2004), we were willing to accept a certain amount of top-down 

influence during the instructed learning blocks. Accordingly, we consider learning during the 

instructed phase to be implicit. Crucially, this too was supported by our results. When analyses 

were constrained to the period of time before self-reports, we still observed clear evidence of 

implicit learning. The fact that implicit learning was nonetheless observed should alleviate 

concerns that the additional task instructions moved the instructed learning phase outside of the 

domain of implicit learning. More to the point, had we failed to observe implicit learning prior to 
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the first self-report, results would not have supported our hypothesis that intuitions would 

develop from implicit learning.  

We also see no reason to doubt the validity of the self-report. More recent initiatives in 

psychology have re-emphasized the inherent value of introspection and self-report (Locke, 

2009), and such approaches have been previously used within the context of the SRTT (Esser & 

Haider, 2018; Haider et al., 2011), although in a different manner to that of the present study. 

More materially, findings indicated that participants were able to accurately assess their own 

knowledge. First, the discriminability of both intuitions and explicit knowledge were 

significantly greater than chance. Thus, on average, participants provided accurate self-reports. 

Additionally, the observed effect of the self-report on sequence learning (i.e., larger RT 

difference between random and pattern following self-report) further suggests that participants 

made a self-report only once they obtained more accessible knowledge. Failure to observe this 

effect would have been inconsistent with prior work on the benefits of awareness during the 

SRTT (Esser & Haider, 2017; Haider & Rose, 2007; Haider et al., 2011). 

Notably, however, results did not support our hypothesis that stronger implicit learners 

would provide faster or more accurate intuitions. We investigated this central hypothesis in two 

ways. First, in light of recent work demonstrating consistency in implicit learning across 

different experimental paradigms (Kalra et al., 2019), we correlated intuition timing and 

discriminability with participant-level estimates of uninstructed implicit learning. In this way, we 

asked whether implicit learning of one set of stimuli (i.e., the uninstructed blocks) was associated 

with the development of intuitions in a second set of stimuli (the instructed blocks). No such 

association was identified, and results revealed a trending association for uninstructed implicit 
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learning and intuition timing in the opposite direction (i.e., higher uninstructed implicit learning 

associated with later intuitions).  

Perhaps even more surprisingly, differences in instructed implicit learning were also 

unrelated to intuition accuracy, even though intuitions were preceded by implicit learning. Had 

we failed to observe implicit learning before participants made a self-report, one could simply 

conclude that implicit learning did not occur during the instructed learning blocks and, thus, 

there would be no reason to observe an association between pre-report responding and accuracy 

of the report. However, because implicit learning did occur pre-report, it remains an open 

question as to what cognitive processes are responsible for variability in the development of 

intuitions during implicit learning. 

Relatedly, it is also noteworthy that uninstructed and instructed implicit learning were not 

correlated in the present study. On the one hand, this may partially explain the lack of an 

association between uninstructed implicit learning and the development of intuitions in the 

instructed learning phase (because learning performance across the two conditions was 

unrelated). Yet, this finding is also quite surprising, and raises questions as to whether or not 

implicit learning with and without top-down search rely on shared mechanisms.   

Of course, it is possible that implicit learning is the basis by which individuals form 

intuitions, but that task demands of the present study obscured this association. Although we do 

not consider top-down influences to necessarily be a problem for implicit learning tasks (as noted 

above), it is plausible that asking participants to report multiple kinds of knowledge influenced 

working memory and/or attention in unintended ways, and this increased cognitive load 

impacted implicit learning performance (as well as subsequent self-reports). Because the results 

of the present study provide reasonably clear evidence that intuitions precede – and are 
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associated with – explicit knowledge, future studies should ask participants to report only one 

kind of knowledge (presumably, intuitions). By reducing cognitive load, such a study may create 

a comparatively more naturalistic implicit learning paradigm. Under such conditions, an 

association between implicit learning and intuition accuracy may be observed.    

To conclude, the present study tested influential theoretical perspectives on the 

emergence of intuitions from implicit learning using a modified SRTT paradigm. Findings 

indicated that intuitions were preceded by implicit learning, although we did not identify an 

association between implicit learning and intuition accuracy. We did, however, find that 

accuracy and timing of intuitions were correlated with later-reported explicit knowledge. 

Together, these results suggest that individuals can gain explicit awareness of implicitly-learned 

information, and that the quality of such awareness is related to the quality of the preceding 

intuitions. Future efforts should be made to investigate whether individual differences in implicit 

learning are responsible for subsequent variability in intuition accuracy. 
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STUDY 3: AN APPLICATION OF NETWORK NEUROSCIENCE TO EXAMINE 
CLASSROOM LEARNING  

 

The functional network architecture of the brain facilitates learning. Recent inquiries have sought 

to quantify and predict learning based on individual differences in network organization. However, 

whether network characteristics can be used to examine extended, school-based learning has been 

previously untested. Here, we investigated whether functional modularity was associated with 

academic achievement and classroom-based learning in a sample of high school students enrolled 

in a specialized course designed to foster spatial thinking skills. Additional questions concerned 

changes in implicit and explicit task-based connectivity following course participation. Results 

indicated that whole-brain modularity was significantly related to GPA, but was uncorrelated with 

improvements in spatial thinking (i.e., classroom-based learning). Course participation also failed 

to modulate task-based connectivity of implicit and explicit systems. Our findings extend previous 

applications of network neuroscience by better-solidifying contexts in which network features can 

be used to predict and assess learning. 

 

Human learning is a highly complex phenomenon that occurs over a wide range of 

contexts, the most widely considered of which may be classroom-based learning (Black & 

Wiliam, 1998). Neuroscience can enhance understanding of the principles of learning by 

developing neural biomarkers (Gabrieli et al., 2015; Gallen & D’Esposito, 2019) and quantitative 

frameworks of learning (Bassett & Mattar, 2017) that are descriptive of brain processes 

underlying the formation of new associations and also correlated with future capacity to learn 

across the wide range of learning domains and environmental conditions (Mattar & Bassett, 

2016). Network neuroscience, in particular, may be well-suited to achieve these goals, as 
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learning involves large-scale functional interactions between multiple brain regions and networks 

(Barbey, 2018; Medaglia et al., 2015), which form the basis on which the brain can flexibly 

adjust in light of new inputs (Clark, 2013). Whether these so-called frameworks or biomarkers 

can be applied to classroom-based education, however, is largely untested. Indeed, as 

neuroscience research has become increasingly ubiquitous, so too have questions concerning its 

utility for educators and policy-makers (Goswami, 2008, 2009; Howard-Jones, 2014; Sigman et 

al., 2014). It is therefore critical to broaden understanding of the extent to which network 

neuroscience can be applied to different learning contexts.  

In this study, we used data from functional magnetic resonance imaging scans (fMRI) to 

investigate school-based learning and academic achievement. Participants completed behavioral 

assessments and fMRI scans before and after their senior year. Half of the students participated 

in a year-long course designed to build spatial thinking skills. Key questions thus concerned 

associations between network-based functional connectivity measures and academic 

achievement for the full sample (i.e., grade point average), with an additional focus on 

behavioral and neural changes (i.e., learning) for students enrolled in the spatially-focused 

course. Specifically, we tested whether learning and academic achievement were associated with 

(1) changes to implicit and explicit network contributions during a relational reasoning task, and 

(2) functional modularity.   

Implicit and Explicit Contributions to Learning 

 Implicit learning – defined as learning without conscious awareness of the information 

acquired (Reber, 1989) – has been a topic of psychological and neuroscientific study for several 

decades. It is now well-established that implicit processes are involved a wide range of 

phenomenon, including language learning (Aslin & Newport, 2012; Saffran et al., 1996), visual 
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perception (Rosenthal et al., 2016), and mastering sequences of movements (Nissen & Bullemer, 

1987; Willingham, 1999). Implicit learning is often juxtaposed with explicit memory systems, 

and a large collection of research that has demonstrated that implicit and explicit systems rely on 

different neural networks (e.g., Loonis et al., 2017; Poldrack et al., 2001; Reber, 2013; Rugg et 

al., 1998; Ullman, 2004). Explicit processes have been widely linked to the medial temporal lobe 

(Gabrieli, 1998; Reber, 2013; Reber & Squire, 1994; Squire et al., 2004) whereas implicit 

processing has been associated with activity in the basal ganglia (Batterink et al., 2019.; Doyon 

et al., 1997; Eichenbaum & Cohen, 2001; Gabrieli, 1998; Packard & Knowlton, 2002; Ullman, 

2016).  

Critically, however, there is also extensive evidence that implicit and explicit processes 

are also supported by shared neural structures (e.g., Henke, 2010; Reber, 2013; Stillman et al., 

2016), such as regions of ventrolateral prefrontal cortex (Ullman, 2004). Networks supporting 

both types of learning are also likely to vary by task (i.e., involvement of task-relevant networks; 

Albert et al., 2009; Lewis et al., 2009; Taubert et al., 2011). Together, this indicates that implicit 

and explicit learning are not fully separable (Batterink et al., 2019; Henke, 2010; Reber, 2013). 

Thus, rather than focus solely on implicit and explicit structures during learning experiences, an 

alternative approach is to examine how the differential influence of implicit and explicit 

processing are reshaped by learning.  

According to one prominent model  (Ullman, 2001, 2004, 2016; Ullman & Lovelett, 

2018), learning depends on interactions between declarative (i.e., a system that underlies explicit 

knowledge) and procedural (i.e., a system the relates specifically to implicit knowledge) memory 

systems. This account further indicates that the relative influence of these two systems changes 

adaptively over the time, with the declarative system more strongly engaged during initial 
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acquisition and the procedural system emerging later in the learning process. This trajectory may 

allow for more rapid processing of learning material. The declarative/procedural framework has 

been most readily applied to language acquisition (Ullman, 2001, 2016; Ullman & Lovelett, 

2018), but may have relevance for other forms of learning.  

Expertise in a given subject matter, which is preceded by an extensive period of learning, 

has been reliably shown to impact the relative influence of implicit and explicit systems. Across 

a number of domains, greater expertise has been linked with more implicit processing and less 

dependence on explicit structures (Poldrack et al., 2001; Ullman, 2004), plausibly because early 

stages of learning involve comparatively more directed learning (i.e., explicit processing) 

compared to greater automaticity (i.e., implicit processing) with more experience (Posner & 

Rothbart, 2014). Examples of this effect has been observed across numerous domains, including 

memory (Yang & Li, 2012), playing chess (Gobet & Charness, 2018), practicing medicine 

(Norman et al., 2018), and acquiring language (Suzuki & DeKeyser, 2017; Ullman, 2004).  

Collectively, this work points to the highly-integrated nature of implicit and explicit 

systems. Indeed, implicit learning has been referred to as a “general principle of plasticity” that 

leads to alternations in connectivity to match one’s level of expertise (Reber, 2013). That is, 

implicit processes are deeply engrained in all forms of behavioral change and learning.  

Formal education, therefore, provides an appropriate testbed for examining the relative 

influence of implicit and explicit systems over time (Reber, 2013). For example, when a student 

is taught a new skill – particularly within science, technology, engineering, and math (STEM) 

fields – they are provided with practice problems on how to executive the task/solve the specific 

problem. The goal of these efforts is typically to increase speed of processing, perhaps by 

shifting towards a greater reliance on implicit systems. Somewhat surprisingly, however, the 
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relative contribution of implicit and explicit systems following school-based learning is largely 

understudied (see Pluck et al., 2019). 

Modularity 

A modular network is one in which network “nodes” are clustered into multiple distinct 

“subgraphs” or “communities”, with dense connectivity among nodes within each subgraph and 

comparatively sparser connections across subgraphs (Newman, 2006; Sporns & Betzel, 2016). 

Nodes within a given subgraph communicate with one another more than they do with nodes of 

other subgraphs. “Modularity”, therefore, is a quantification of the extent to which a network can 

be divided into distinct subgraphs. The brain is one such modular network (Bassett & Mattar, 

2017; Betzel, Gu, et al., 2016; Medaglia et al., 2015; Power et al., 2011; Sporns, 2010; Sporns & 

Betzel, 2016; Yeo et al., 2011; Toga et al., 2006), with “nodes” typically referring to specific 

brain regions and connectivity derived from structural tracts (i.e., white matter) or functional 

associations (i.e., functional connectivity).  

Modularity has been posited to support learning because such organization principles 

increase the brain’s capacity for independent rearrangement of subgraphs (Kashtan et al., 2007; 

Kashtan & Alon, 2005), which, in turn, facilitates greater system-wide adaptability (Bassett & 

Bullmore, 2006; Mattar et al., 2018; Meunier et al., 2009). That is, through the brain’s modular 

organization, neuronal populations that are not specialized to respond to an input can remain 

detached from the learning process while the task-relevant networks can reconfigure. This line of 

thinking has received support in the field of artificial intelligence; modularity has been shown to 

support task learning (Jo et al., 2018) and the acquisition of new skills without catastrophic 

forgetting, the sudden loss of previously acquired information (Ellefsen et al., 2015; McCloskey 

& Cohen, 1989).  
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Analogous results have been reported in human subjects. Patients with acquired brain 

injury (ABI) who displayed higher resting-state functional modularity showed greater gains in 

executive function and attention following a 5-week cognitive training program than did ABI 

patients with less modular functional organization (Arnemann et al., 2015). Similarly, in a study 

of older adults, those with more modular brains showed greater cognitive improvements after a 

12-week intervention focused on strategic attention, reasoning, and innovation (Gallen et al., 

2016). Functional modularity has also been correlated with executive function gains following an 

exercise-based clinical trial (Baniqued et al., 2018) and working memory training (Iordan et al., 

2018) in older adults, as well as the effectiveness of imitation-based therapy for aphasic patients 

(Duncan & Small, 2016). Individual differences in modular organization have also been 

associated with domains of intelligence and higher cognition (Barbey, 2018; Chiappe & 

MacDonald, 2005; Finn et al., 2015; Hilger et al., 2020, 2020). Modularity also exhibits an 

inverted U-shape trajectory over the lifespan; the human brain becomes increasingly modular 

from birth through early adulthood (Baum et al., 2017; Gu, Satterthwaite, et al., 2015; Heuvel et 

al., 2015) but decreases in modularity later in life (Betzel et al., 2014; Geerligs et al., 2015; 

Iordan et al., 2018; Song et al., 2014), with increased global involvement of brain regions 

responsible for higher order cognition (Chan et al., 2014; Fair et al., 2007; Marek et al., 2015). 

The extent to which this trajectory is rooted in experience-dependent learning remains a subject 

of ongoing inquiry.  

Together, while these findings are broadly cohesive, they are also limited in scope; 

existing work that has correlated resting-state modularity with post-intervention cognitive gains 

has been largely restricted to patients with brain injury and older populations. This is surprising 

considering the rapid period of learning that occurs early in development and into adulthood 
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(Bodrova & Leong, 2007; Carr, 2001; Sarama & Clements, 2009; Siegel & Ryan, 1989). 

Findings are further complicated by developmental differences in modularity. Modularity may 

show an association with traditional intelligence measures, but whether this association can be 

extended to long term, academic performance remains unknown. Indeed, from an policy 

perspective, identifying accurate neural markers of classroom-based learning and achievement 

may facilitate the development of educational programs, especially if such measures can provide 

insights above and beyond what can be gathered from behavior alone (Supekar et al., 2013). 

Thus, despite the growing consensus that modularity may be a biomarker for intervention-related 

neuroplasticity (Gallen & D’Esposito, 2019) or intelligence (Barbey, 2018), the extent to which 

this remains true across more lengthy learning periods – especially among younger, healthier 

populations in a classroom setting – remains unknown.  

Spatial Thinking  

Spatial thinking – the mental processes for visualizing, manipulating, and drawing 

inferences from spatial information – is important for achievement and interest in STEM (Uttal, 

Meadow, et al., 2013; Uttal, Miller, et al., 2013; Wai et al., 2009). This has led to increased 

efforts to incorporate spatial thinking in the classroom (Kolvoord et al., 2019) in order to 

improve spatial cognition, increase interest in STEM, and encourage students to utilize spatial 

thinking strategies to solve problems from non-spatial domains (e.g. thinking about verbal 

reasoning problems in terms of spatial relations and constructing a “mental model” of the 

problem; Goodwin & Johnson-Laird, 2005; Johnson-Laird, 1980; Kastens et al., 2009). 

Educational psychology has already shown promise for training spatial abilities; meta-analytic 

evidence suggests that training on a range of spatial tasks leads to improvement on the trained 

abilities and may yield transfer to untrained STEM-related tasks (Uttal, Meadow, et al., 2013). 
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Similarly, taking geoscience and geology courses has been shown to improve spatial skills (Lee 

& Bednarz, 2009; Piburn et al., 2005). 

Spatial thinking is likely to be supported by a diffuse cortical network, comprised of large 

portions of parietal, medial temporal, visual, and frontal cortices, with a particularly strong 

influence of the posterior parietal cortex (PPC), medial temporal lobe (MTL), and supplementary 

motor area (SMA; Burgess, 2008; Zacks, 2007). Spatial learning, in particular, has been 

correlated with decreased activation (i.e., greater “efficiency”; Haier et al., 2009; Kelly & 

Garavan, 2005; Thomas et al., 2009) and increased cortical volume (Taubert et al., 2012; Zatorre 

et al., 2012) in PPC. Notably, however, the majority of work investigating the brain basis of 

spatial cognition has focused on regional differences in activation and cortical volume. While 

informative, this approach falls short of a unified theory of learning as these characteristics 

provide little information on the network-based neural changes that support learning broadly.  

Present Study 

Recent evidence indicates that, by considering interactions between implicit and explicit 

systems as well as the brain’s modular architecture, researchers may be able to gain insights into 

the neural mechanisms that support learning. Crucially, however, the majority of empirical work 

supporting these perspectives have examined neural changes during and/or soon after a short and 

intensive learning period (i.e., days or weeks as opposed to several months/years), often within a 

laboratory environment. Thus, the existing literature falls short of establishing a meaningful 

biomarker or quantitative theory that can elucidate neural mechanisms of learning across a range 

of (naturalistic) learning contexts over extended periods of time, including learning in the 

classroom. Thus, additional work is required in order to develop a more comprehensive 

understanding of the contexts in which these network characteristics can function as a reliable 
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biomarker or contribute to a quantitative theory of learning. Here, we applied network-based 

analyses of fMRI data to examine network architecture at rest and during a spatial reasoning task 

before and after a full year of high school education. Half of the participants were enrolled in a 

year-long high school course (The Geospatial Semester; GSS) designed to build spatial thinking 

skills. Key questions thus concerned improvements (i.e., learning effects) in spatial thinking 

following participation in the specialized course. Based on the existing literature, we 

hypothesized that: (i) functional modularity would be positively associated with GPA; (ii) among 

students enrolled in the GSS, baseline modularity would predict the development of key spatial 

abilities fostered by the spatially-focused course; and (iii) GSS students would show altered 

associations between implicit and explicit systems during the spatial reasoning task (i.e., a Class 

x Time Interaction). 

Methods 

The Geospatial Semester  

The Geospatial Semester (GSS; Kolvoord et al., 2019), created in 2005 as a partnership 

between public high schools in Virginia and the Integrated Science and Technology department 

at James Madison University, is designed to enhance spatial thinking and STEM reasoning 

through the use of geographic information systems (GIS) technology. In the year-long course, 

students use GIS to approach and solve inherently spatial problems (e.g., where to locate off-

shore windmills; how to map evacuation routes following a potential disaster), culminating in an 

extensive final project in which students use spatial information and representations to identify 

and explore a question of interest.  

Participants  
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We recruited high school students from Northern Virginia public high schools for study 

participation during their junior year. All procedures received approval from the Georgetown 

University IRB. A complete overview of participant recruitment has been described in detail 

elsewhere (Cortes et al., in prep). Briefly, all students participating in the GSS were invited to 

participate in the study, and interested students provided informed assent, with informed consent 

from legal guardians. In order to create a comparison group of participants, we recruited juniors 

enrolled in classes that were likely to contain GSS students or students registered for Advanced 

Placement science classes during their senior year. We then used propensity score methods 

(Steiner et al., 2010) to match the GSS and control samples across a range of covariates, 

including spatial ability, spatial habits of mind, familiarity with GIS technology, interest in 

STEM, PSAT scores, GPA, and demographic information.  

Experimental Design 

 All students enrolled in the study were invited to participate in two scanning sessions: (1) 

Pre: summer before the start of the GSS or comparison, and (2) Post: following completion of 

the academic year. Participants were right-handed with no history of mental illness or 

psychoactive drug use. During both visits, students performed multiple tasks inside the MRI 

scanner, including a syllogistic reasoning task (described below). The imaging sessions also 

included a 5-minute resting-state scan as well as a high-resolution anatomical image acquisition 

(MPRAGE). Researcher staff then collected behavioral and personality measurements via brief 

questionnaires administered outside of the scanner. We also obtained GPA scores for all students 

prior to Pre, and grades in the GSS course for the GSS students at Post.  

Participant Retention and Sample Sizes 
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Given the number of variables of interest in the present study, the potential for unusable 

fMRI data (e.g., subject movement, time constraints at data collection), and challenges inherent 

to longitudinal research (retention), we did not obtain the complete set of behavioral and neural 

data for all participants. In order to increase statistical power for each of our hypotheses, we 

elected to use all available data to answer each question, meaning that not all statistical analyses 

will have the same N. This was deemed preferable to restricting our analyses to only the full set 

of participants with complete data for all tasks at both timepoints, as this would have 

dramatically reduced the sample sizes. The total N for each measure is detailed in Table 3.1. 

 

Table 3.1. Sample sizes for valid imaging and behavioral measures 

 Resting-
State 

Syllogistic Reasoning 
(Scan and Behavior) 

Spatial Habits 
of Mind GPA 

Pre     

GSS 37 35 38 34 
Comparison 38 31 39 35 
Post     

GSS 34 27 34 -- 
Comparison 34 30 36 -- 
Both Visits     

GSS 32 25 32 32 
Comparison 31 24 34 33 

 

Tasks and Behavioral Analysis 

Syllogistic Reasoning Task 

Participants completed 60 verbal reasoning problems (“syllogisms”) in the fMRI scanner 

that have been previously demonstrated to relate to spatial reasoning abilities (Goodwin & 

Johnson-Laird, 2005; Ruff et al., 2003). Each syllogism was composed of two premises and one 

conclusion. Participants were instructed to judge whether the information in the conclusion 

necessarily followed from the premises or not (e.g., Premise 1: “The dog is smarter than the cat”; 
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Premise 2: “The cat is smarter than the bird”; Conclusion: “The dog is smarter than the bird”). 

Participants also completed 20 matching trials in which the task was to determine if the 

conclusion exactly matched one of the premises (designed as a control task).  

Conventionally, speed (RT) and accuracy have both be used to measure performance on 

cognitive tasks, including tasks of syllogistic reasoning. While typically consider separately, 

composite measures integrating RT and accuracy are gaining traction (Lyons et al., 2014; 

Vandierendonck, 2017; Woltz & Was, 2006). According to a recent review (Vandierendonck, 

2017), composite scores of speed and accuracy are productive when both are dependent upon the 

same cognitive processes, as evident by a significant and positive association between RT and 

error rate. That is, faster performance should be correlated with greater accuracy. Furthermore, 

integrated measures are most appropriate when accuracy scores are generally high. While there is 

still no consensus as to which, if any, variables can best capture variation in RT and accuracy, 

Rate Correct Score (RCS; Woltz & Was, 2006) has received generally favorable endorsements 

(Hughes et al., 2014; Vandierendonck, 2017). RCS is calculated as: 

𝑅𝐶𝑆 = 	
𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑐𝑜𝑟𝑟𝑒𝑐𝑡	𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑠	𝑜𝑓	𝑐𝑜𝑛𝑠𝑖𝑑𝑒𝑟𝑒𝑑	𝑡𝑟𝑖𝑎𝑙𝑠

𝑅𝑇	𝑜𝑓	𝑐𝑜𝑛𝑠𝑖𝑑𝑒𝑟𝑒𝑑	𝑡𝑟𝑖𝑎𝑙𝑠
 

and can be interpreted as number of correct responses per unit of time. RCS was considered for 

use in the present study if participants displayed high overall accuracy and a strong, positive 

correlation between RT and error rate. 

Spatial Habits of Mind 

Participants also completed an additional questionnaire outside of the scanner to assess 

spatial habits of mind. The Spatial Habits of Mind Inventory (SHOM) is composed of 28 Likert-

scale items that probe individuals’ tendency to utilize spatial thinking/visualization strategies 

when problem-solving (e.g. “When I am thinking about a complex idea, I use diagrams, maps, 
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and/or graphics to help me understand.”; Kim & Bednarz, 2013). Notably, this inventory 

assessed thinking tendencies approximate to the problem-solving strategies fostered by the GSS.  

Thus, among students enrolled in the GSS, changes in spatial habits of mind from Pre to Post can 

be considered a reasonable proxy for the extent to which course objectives were satisfied. 

fMRI Image Acquisition and Processing 

Imaging Procedures 

Image acquisition was performed on a 3 T Siemens Trio Tim MRI scanner. Acquisition 

parameters were identical at Pre and Post. Syllogistic reasoning fMRI data were acquired from 

T2*-weighted echoplanar imaging (EPI) sequence (37 3.0 mm transversal slices; 64 x 64 matrix; 

repetition time = 2000 ms; echo time = 30 ms; field of view = 192 mm; 3.0 x 3.0 x 3.0 mm 

voxels; flip angle = 90 degrees). In order to account for magnet stabilization, the first 2 volumes 

were excluded from analysis. The syllogistic reasoning task was presented with E-Prime and 

viewed through a mirror attached to a head coil. Participants used SR-boxes in their right hand 

(index and middle finger) to respond by button-press. Resting-state fMRI data (5 minutes in 

total) were collected using a T2*-weighted EPI sequence (43 2.55 mm transversal slices; 64 x 64 

matrix; repetition time=2280 ms; echo time = 30 ms; field of view = 192 mm; 3.0 x 3.0 x 2.5 mm 

voxels; flip angle = 90 degrees). A high-resolution T1-weighted MPRAGE image (176 1.00 mm 

slices; 256 x 256 matrix; repetition time = 1900 ms; echo time = 2.52 ms; field of view = 250 

mm; 1.0 x 1.0 x 1.0 mm; flip angle = 9 degrees) was obtained for registration of functional data.    

fMRI Data Preprocessing 

Results included in this manuscript come from preprocessing performed 

using fMRIPrep 1.5.0 (Esteban et al., 2017, 2019; RRID:SCR_016216), which is based 

on Nipype 1.2.2 (Gorgolewski et al., 2011; Gorgolewski et al., 2018; RRID:SCR_002502) 
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Anatomical Data Preprocessing. The T1-weighted (T1w) image was corrected for 

intensity non-uniformity (INU) with N4BiasFieldCorrection (Tustison et al., 2010), distributed 

with ANTs 2.2.0 (Avants et al., 2008, RRID:SCR_004757), and used as T1w-reference 

throughout the workflow. The T1w-reference was then skull-stripped with 

a Nipype implementation of the antsBrainExtraction.sh workflow (from ANTs), using 

OASIS30ANTs as target template. Brain tissue segmentation of cerebrospinal fluid (CSF), 

white-matter (WM) and gray-matter (GM) was performed on the brain-extracted T1w 

using fast (FSL 5.0.9, RRID:SCR_002823, Zhang et al., 2001). Volume-based spatial 

normalization to two standard spaces (MNI152NLin6Asym, MNI152NLin2009cAsym) was 

performed through nonlinear registration with antsRegistration (ANTs 2.2.0), using brain-

extracted versions of both T1w reference and the T1w template. The following templates were 

selected for spatial normalization: FSL’s MNI ICBM 152 non-linear 6th Generation Asymmetric 

Average Brain Stereotaxic Registration Model (Evans et al., 2012, RRID:SCR_002823; 

TemplateFlow ID: MNI152NLin6Asym), ICBM 152 Nonlinear Asymmetrical template version 

2009c (Fonov et al., 2009, RRID:SCR_008796; TemplateFlow ID: MNI152NLin2009cAsym). 

Functional Data Preprocessing. For each of the BOLD runs found per subject 

(Syllogisms and Rest at both sessions), the following preprocessing was performed. First, a 

reference volume and its skull-stripped version were generated using a custom methodology 

of fMRIPrep. The BOLD reference was then co-registered to the T1w reference using flirt (FSL 

5.0.9, Jenkinson & Smith, 2001) with the boundary-based registration (Greve & Fischl, 

2009) cost-function. Co-registration was configured with nine degrees of freedom to account for 

distortions remaining in the BOLD reference. Head-motion parameters with respect to the BOLD 

reference (transformation matrices, and six corresponding rotation and translation parameters) 
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are estimated before any spatiotemporal filtering using mcflirt (FSL 5.0.9, Jenkinson et al., 

2002). BOLD runs were slice-time corrected using 3dTshift from AFNI 20160207 (Cox & Hyde, 

1997, RRID:SCR_005927). The BOLD time-series (including slice-timing correction when 

applied) were resampled onto their original, native space by applying a single, composite 

transform to correct for head-motion and susceptibility distortions. These resampled BOLD time-

series will be referred to as preprocessed BOLD in original space, or just preprocessed BOLD. 

The BOLD time-series were resampled into several standard spaces, correspondingly generating 

the following spatially-normalized, preprocessed BOLD runs: MNI152NLin6Asym, 

MNI152NLin2009cAsym. First, a reference volume and its skull-stripped version were 

generated using a custom methodology of fMRIPrep. Automatic removal of motion artifacts 

using independent component analysis (ICA-AROMA, Pruim et al., 2015) was performed on 

the preprocessed BOLD on MNI space time-series after removal of non-steady state volumes and 

spatial smoothing with an isotropic, Gaussian kernel of 6mm FWHM (full-width half-

maximum). Corresponding “non-aggresively” denoised runs were produced after such 

smoothing. Additionally, the “aggressive” noise-regressors were collected and placed in the 

corresponding confounds file. Several confounding time-series were calculated based on 

the preprocessed BOLD: framewise displacement (FD), DVARS and three region-wise global 

signals. FD and DVARS are calculated for each functional run, both using their implementations 

in Nipype (following the definitions by Power et al., 2014). The three global signals are extracted 

within the CSF, the WM, and the whole-brain masks. Additionally, a set of physiological 

regressors were extracted to allow for component-based noise correction (CompCor, Behzadi et 

al., 2007). Principal components are estimated after high-pass filtering the preprocessed 

BOLD time-series (using a discrete cosine filter with 128s cut-off) for the 
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two CompCor variants: temporal (tCompCor) and anatomical (aCompCor). tCompCor 

components are then calculated from the top 5% variable voxels within a mask covering the 

subcortical regions. This subcortical mask is obtained by heavily eroding the brain mask, which 

ensures it does not include cortical GM regions. For aCompCor, components are calculated 

within the intersection of the aforementioned mask and the union of CSF and WM masks 

calculated in T1w space, after their projection to the native space of each functional run (using 

the inverse BOLD-to-T1w transformation). Components are also calculated separately within the 

WM and CSF masks. For each CompCor decomposition, the k components with the largest 

singular values are retained, such that the retained components’ time series are sufficient to 

explain 50 percent of variance across the nuisance mask (CSF, WM, combined, or temporal). 

The remaining components are dropped from consideration. The head-motion estimates 

calculated in the correction step were also placed within the corresponding confounds file. The 

confound time series derived from head motion estimates and global signals were expanded with 

the inclusion of temporal derivatives and quadratic terms for each (Satterthwaite et al., 2013). 

Frames that exceeded a threshold of 0.5 mm FD or 1.5 standardised DVARS were annotated as 

motion outliers. All resamplings can be performed with a single interpolation step by composing 

all the pertinent transformations (i.e. head-motion transform matrices, susceptibility distortion 

correction when available, and co-registrations to anatomical and output spaces). Gridded 

(volumetric) resamplings were performed using antsApplyTransforms (ANTs), configured with 

Lanczos interpolation to minimize the smoothing effects of other kernels (Lanczos, 1964). Non-

gridded (surface) resamplings were performed using mri_vol2surf (FreeSurfer). 
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Many internal operations of fMRIPrep use Nilearn 0.5.2 (Abraham et al., 2014, 

RRID:SCR_001362), mostly within the functional processing workflow. For more details of the 

pipeline, see the section corresponding to workflows in fMRIPrep’s documentation. 

Additional Processing for Network Construction 

 Following fMRIPrep image preprocessing, additional processing of individual subject 

functional data was conducted with XCP Engine (Ciric et al., 2018). XCP Engine 

(https://xcpengine.readthedocs.io/index.html) is specifically designed to process output from 

fMRIPrep. Processing was performed using ICA-AROMA (Pruim et al., 2015) with global 

signal regression. ICA-AROMA identifies sources of variance in brain signal using independent 

component analyses, incorporating each source as either noise or signal of interest. Sources 

identified as noise are then denoised along with mean signal from white matter, CSF, and grey 

matter (because of global signal regression). This processing pipeline was chosen in order to 

aggressively minimize the influence of head motion (Macey et al., 2004; Pruim et al., 2015), 

which has been shown to have particularly profound effects on functional connectivity analyses 

(Power et al., 2012; Van Dijk et al., 2012). Further, each volume was motion censored, and 

volumes with >0.5mm of motion were flagged. Participants with > 25% bad volumes were 

excluded from analyses. Frame-to-frame displacement (i.e., mean framewise displacement; FD) 

for all participants were retained for use in subsequent linear regression models (see Results). 

Additional processing steps included demeaning and detrending, mathematical expansion to 

model delayed or nonlinear signal fluctuations, temporal filtering [0.01 - 0.1], and spatial 

smoothing. Data was processed twice with XCP Engine – with and without task-evoked signal 

regression. Data without task-evoked regression was used for gPPI analyses (see below), as 

analytic questions were specifically focused on task-based changes in connectivity. Modularity 
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calculations used the task-free/“state” signal (Cole et al., 2014; Gratton et al., 2016; Hwang et 

al., 2019; Norman-Haignere et al., 2012). 

The choice of processing pipeline – here, ICA AROMA with global signal regression – 

can have a substantial influence on subsequent analysis of neuroimaging data, and is particularly 

critical for functional connectivity analyses (Ciric et al., 2017, 2018; Power et al., 2012; 

Satterthwaite et al., 2013; Satterthwaite et al., 2012). In order to more adequately assess the 

downstream impact of the selected processing pipeline, all fMRIPrep output was processed with 

two additional processing models recommended for the analysis of functional connectivity data 

(Ciric et al., 2018). Results from these efforts, which were broadly compatible with results to 

follow, are described in Supplementary Information. 

Atlas/ROI Selection  

 We segmented the brain into regions of interest (ROIs) using two standardized atlases. 

The cortical surface was divided in 200 parcellations based on functional homogeneity (Schaefer 

et al., 2018). Subcortical ROIs were obtained from the anatomically-defined Harvard-Oxford 

atlas  (Desikan et al., 2006). While the methods of parcellation were not consistent across these 

two atlases (i.e., functionally-based for cortical; anatomically-based for subcortical), we did not 

have any a priori hypotheses regarding the involvement of specific regions of subcortical 

structures, and therefore preferred to treat each structure as a discrete ROI. Further, we used a 

relatively coarse cortical atlas to partially mitigate differences in parcel size between cortical and 

subcortical ROIs. 

Creation of “Spatial Network” 

In order to assess whether participation in the GSS was associated with changes in task-

based functional connectivity of spatial brain regions, we created a spatial brain network from 
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the association map from NeuroSynth using the term “spatial” (NeuroSynth.org; Yarkoni et al., 

2011). This meta-analytic map highlights brain regions that are selectively active for spatial tasks 

(compared to the remaining 12,947 studies in the NeuroSynth database, thresholded at FDR 

corrected p < 0.01). The association map was then used to create a mask, which was overlaid 

onto the cortical atlas parcellation to create a spatial network (Table 3.2). 

Notably, 79.8% of the parcels that overlapped with the mask were associated with atlas-

defined visual, somatomotor, dorsal attention, and frontoparietal control networks (Schaefer et 

al., 2018), which have all been previously implicated in spatial thinking and reasoning (Burgess, 

2008; Just et al., 2001; Knauff et al., 2000; Reverberi et al., 2010; Watson & Chatterjee, 2012; 

Zacks, 2007). After further inspection, we excluded 7 parcels that shared some overlap with the 

NeuroSynth-based spatial mask but were associated with an atlas-defined network unlikely to be 

especially relevant for spatial thinking (e.g., two parcels in the auditory somatomotor network). 

Finally, 3 parcels that did not overlap with the spatial mask were incorporated into the spatial 

network because the vast majority of the other parcels in the atlas-defined network were 

classified as part of the spatial network (e.g., the one non-overlapping parcel within the Visual 

Peripheral network; Table 3.2). 

Table 3.2. Spatial network  

Atlas-defined Networks Nodes (#) Nodes Overlapping 
with Spatial Mask  

Percent 
Overlap 

Visual Central 12 9 75.00% 
Visual Peripheral 12 11 (+1) = 12 100.00% 
Somatomotor A 19 6 31.58% 
Somatomotor B (Auditory) 15 2 (-2) = 0 0.00% 
Dorsal Attention A 12 12 100.00% 
Dorsal Attention B 10 10 100.00% 
Salience Ventral Attention A 16 5 31.25% 
Salience Ventral Attention B 10 0 0.00% 
Limbic Orbitofrontal 6 0 0.00% 
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Limbic Temporopolar 8 2 (-2) = 0 0.00% 
Frontoparietal Control A 16 10 62.50% 
Frontoparietal Control B 15 3 (-3) = 0 0.00% 
Frontoparietal Control C 6 4 (+2) = 6 100.00% 
Default A 14 4 28.57% 
Default B 17 0 0.00% 
Default C 6 6 100.00% 
Temporoparietal 6 0 0.00% 
Total 200 80 40.00% 

Note: Parenthetical numbers indicate changes made to spatial network classification. 
 

Network Analyses 

Functional Connectivity 

 Functional connectivity was estimated using the signal timeseries of the 216 ROIs (200 

cortical parcels from Schaefer et al., 2018; 16 subcortical structures from Harvard-Oxford atlas; 

Desikan et al., 2006). For each participant, we performed pairwise correlations for every ROI to 

every other ROI, resulting in a 216 x 216 (z-transformed), weighted functional connectivity 

matrix. Separate functional connectivity matrices were obtained for the resting scan and 

syllogisms at both timepoints. Matrices were used for calculation of modularity (see below). 

Generalized Context-Dependent Psychophysiological Interaction 

Generalized context-dependent psychophysiological interaction (gPPI) analyses during 

syllogistic reasoning were performed in MATLAB using timeseries from the 216 ROIs. gPPI 

methods examine how interactions between brain regions vary based on task conditions (i.e., 

task-dependent connectivity; McLaren et al., 2012). In this way, researchers can better 

understand brain-behavior relationships by examining how task conditions influence functional 

connectivity. Here, we focused specifically on changes in functional connectivity during the task 

condition of interest (i.e., Reasoning) relative to connectivity observed during the control 

condition (Matching).  



100 
	

Event onset-duration information for Reasoning and Matching for each participant were 

convolved with the canonical BOLD hemodynamic response function (HRF) to create two 

separate onset-duration vectors for each participant (i.e., one for reasoning, one for matching). 

We then performed a series of linear regressions for each participant at each visit in which the 

timeseries of each parcel was regressed alongside the convolved task event vectors and an 

interaction-term using the formula: 

TimeseriesParcelB = β0 + β1TimeseriesParcelA + β2Matching + β3Reasoning + 
β4TimeseriesParcelA*Reasoning + ε 

 
Crucially, the beta value for the interaction term (β4TimeseriesParcelA*Reasoning) 

indicates the extent to which connectivity between Parcels A and B fluctuated during reasoning 

(controlling for matching). gPPI analyses were constrained to the 80 cortical parcels associated 

with the spatial network (Table 3.2), 4 subcortical structures with established roles in implicit 

learning (bilateral caudate and putamen), and 2 subcortical structures implicated in explicit 

knowledge (bilateral hippocampus). Average interaction term beta values were retained for (1) 

implicit-to-implicit connectivity, (2) explicit-to-explicit connectivity, (3) connectivity within the 

spatial network, (4) connectivity between the implicit structures to the spatial network, and (5) 

connectivity between the explicit structures to the spatial network. 

Regarding the selection of subcortical structures, recent work has clearly indicated that 

basal ganglia and hippocampus are only some components of the implicit and explicit system 

respectively. Indeed, a complete accounting of implicit and explicit systems would include a 

number of additional brain regions including ventrolateral PFC, parietal lobule, premotor cortex  

(Packard & Knowlton, 2002; Reber, 2013; Ullman, 2004, 2016). However, many of these 

regions also overlapped with the spatial network, and others have been classified as belonging to 

both the implicit and explicit systems. Therefore, we elected to focus on just the subcortical 
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structures – which have been widely and reliably linked to their respective systems –in order to 

avoid misclassification of shared ROIs across the networks.  

Modularity 

Modularity is characterized by a clustering of nodes (i.e., ROIs) into multiple and distinct 

subgraphs or communities, with a greater number of connections among nodes with a 

community than connections between communities (Genon, Reid, Langner, Amunts, & Eickhoff, 

2018; Lorenz et al., 2017; Power et al., 2011; Toga, Thompson, Mori, Amunts, & Zilles, 2006; 

Yeo et al., 2011). In order to obtain an estimate of functional modularity, we used an 

increasingly prevalent method known as modularity maximization (Newman & Girvan, 2004), 

which assigns nodes to communities by comparing the connection density for each node (i.e., the 

portion of possible edges that are actual connections) against the connection density for each 

node of a generated null model. Modularity maximization algorithms then attempt to place nodes 

connected by edge weights that exceed what is found in the null model into the same community, 

such that the internal connection density will maximally exceed the internal density of the null 

model. This ultimately produces a modularity statistic (“Q”), which measures the extent to which 

communities or subgraphs exhibit segmentations/clustering (higher Q = greater global 

modularity; Betzel & Bassett, 2016; Newman, 2006). Because the algorithm is non-deterministic 

and can only approximate maximal modularity, we repeated the process 100 times per participant 

per imaging session/task to increase statistical robustness, and used consensus clustering to 

create a consensus community partition. Modularity was thus calculated as average Q across the 

100 iterations. 

While some prior work has relied on binary representations of functional connectivity 

(i.e., nodes that are correlated above some threshold are said to be connected, those below it are 
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not), binarizing functional connections may introduce a number of statistical complications, such 

as the need to create matrices over multiple thresholds as well as the loss of potentially 

meaningful negative correlations (Rubinov & Sporns, 2011). In order to avoid these 

consequences and more fully characterize functional networks, we used the original weighted 

functional connectivity matrices to obtain modularity estimations. Consistent with recommended 

procedures (Rubinov & Sporns, 2011), Q was calculated using a negative asymmetrical weight 

that treats negative correlations as auxiliary to positive correlations, as the latter more directly 

relate to modular organization (i.e., positive correlations among nodes directly indicate that those 

nodes correspond to a module whereas negative correlations can only dissociate nodes from 

modules). We therefore defined modularity (here, Q*) as  

𝑄∗ = 	
1
𝜈;

(𝑤>?; −	𝑒>?;

AB

)𝛿EFEG −	
1

𝜈; + 𝜈I
(

>?

𝑤>?I −	𝑒>?I)𝛿EFEG 

where the left side of the equation shows the calculation of modularity for positive connections 

only (Q+): (𝑤>?; −	𝑒>?;AB ) is the average difference between observed within-module positive 

connection weights, 𝑤>?;, and those expected by chance. 𝑒>?;; 𝛿EFEG= 1 when nodes i and j are in 

the same module and 0 when they are not; the positive-weight scaling factor, J
KL

, adjusts Q+ to 

fall between 0 and 1. The right side of the equation reflects calculation of Q-, modularity based 

on negative weights, rescaled by the total connection weight, J
KL;KM

. Note that the difference in 

the scaling factor for Q+ and Q- is used to place less weight on the role of negative connections in 

the calculation of Q*.  

Further, it is evident from the above calculation that modularity is heavily influenced by 

“lower level” network features. That is, the number (and average weight) of positive and 

negative edges strongly influence the overall calculation of Q. In order to better understand the 
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influence of these network characteristics, we retained the number and average weight of 

positive and negative edges for each participant. These values were plotted against Q (Table 

S3.1), and were considered for use as additional covariates in subsequent linear regression 

models (see Results). 

Crucially, modularity exists over multiple scales, meaning that within any one 

community there are a number of smaller, segregated communities, and that these communities 

within communities also display modular organization. Thus, discrete modules could be 

conceptualized at any level ranging from the two cerebral hemispheres, to coordinated networks 

(e.g., frontoparietal), to smaller functional networks (frontal, parietal), to gray matter nuclei, to 

cell columns (Sporns, 2010). One notable shortcoming to modularity maximization stems from 

what is known as the resolution limit – an insensitivity to this inherently hierarchical 

organization. Theoretically, one could choose to “cut” at any point and observe the extent of 

segmentation at that point. The resolution parameter, γ (Reichardt & Bornholdt, 2006), can be 

used to mitigate this issue. By changing γ, one is able to vary the threshold for segmenting the 

brain into communities of different sizes (Betzel & Bassett, 2016). When γ < 1, modularity 

maximization detects larger (and fewer) communities, resulting in a higher value for Q; when γ > 

1 the algorithm produces several smaller communities and a smaller Q statistic (Fig. 3.1A). 

Although we did not have an a priori reason to focus on modularity at any particular scale in the 

present study, we calculated Q across a range of γ – from 0.5 to 2.0 in increments of 0.5 – to 

provide a more complete picture of participant modularity. Modularity calculations were 

performed using functions in Brain Connectivity Toolbox (https://sites.google.com/site/bctnet/; 

Rubinov & Sporns, 2010). All custom MATLAB code used for analyses supporting the results of 

the present study are available on the Open Science Framework (https://osf.io/naj3y/).  
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Figure 3.1. Functional modularity. A functional connectivity matrix (left) is used to obtain a modularity 
statistic. Using the resolution parameter, γ, modularity is calculated over varying scales (right). As γ 
increases, the number of communities increase while the size of the communities decrease 

 
Results 

Geospatial Semester-based Learning  

 The GSS is as a year-long high school course designed to improve spatial thinking and 

STEM reasoning. We received final course grades for 37 out of 39 study participants who were 

enrolled in the GSS and participated in at least one scan session. GSS grades were high, with 

81.08% of students receiving an A or better. After excluding one participant’s GSS grade for 

being an extreme outlier (student received D+ in course, next lowest grade was B+), the average 

grade was 3.96 (SE = 0.05) out of a maximum of 4.3 (corresponding to an A+). Although we 

were interested in relating neural information obtained at Pre to later course achievement, these 

strong ceiling effects and low variance did not allow for such analyses. However, GSS grades 

clearly indicated that the course material was mastered for the vast majority of students. 

Therefore, more meaningful markers of learning – and ones characterized by greater between-

subject variability – were (i) the development of spatial habits of mind (i.e., an assessment of 

changes in spatial thinking tendencies; closely related to course objectives) and (ii) transfer of 

the spatial reasoning abilities fostered by the GSS. To this end, analyses of GSS-based learning 

focused on the extent to which GSS students improved in spatial reasoning (i.e., syllogisms; 
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considered transfer effects) as well as their developed of spatial habits of mind (more proximate 

to course content). 

Geospatial Semester Is Associated with Development of Spatial Abilities  

 As detailed elsewhere (Cortes et al., in prep), participation in the GSS course was 

associated with the developmental of spatial thinking abilities. When considering only the subset 

of participants included in the present analyses, a 2(Class: GSS, Comparison) X 2(Time: Pre, 

Post) mixed effects ANOVA revealed a significant relative increase in spatial habits of mind for 

the GSS students (F1,65 = 5.73, p = 0.02, η2 = 0.08; Fig. 3.2). We next examined improvements in 

syllogistic reasoning. Because accuracy was high (Pre: M = 0.81; Post: M = 0.81), and RT and 

error rate were positively correlated (Pre: r(65) = 0.56, p < 0.0001; Post: r(56) = 0.65, p < 

0.0001), RCS was used as the primary measure of task performance. Using this variable, results 

further indicated that participation in the GSS was associated with improvements in spatial 

reasoning (F1,47 = 9.07, p = 0.004, η2 = 0.16; Fig. 3.2). 

 
Figure 3.2. Evidence of learning in the Geospatial Semester. Enrollment in the GSS was associated with 
improvements in syllogistic reasoning (left) and spatial habits of mind (right) relative to comparison. SE 
indicated. 
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Implicit and Explicit Processing Unmodulated by Participation in Geospatial Semsester  

 Prior work has demonstrated that increased expertise within a given cognitive domain is 

associated with greater involvement of implicit (relative to explicit) systems. It remains 

unknown, however, whether educational curricula can result in similar phenomena. That is, does 

in-school learning result in greater involvement of implicit systems when students engage with 

learned material? To investigate this question, we performed gPPI analyses of functional data 

during the syllogistic reasoning task at both study visits. Average interaction term beta values for 

(1) implicit-to-implicit connectivity, (2) explicit-to-explicit connectivity, (3) connectivity within 

the neurosynth-defined spatial network, (4) connectivity between the implicit structures to the 

spatial network, and (5) connectivity between the explicit structures to the spatial network were 

retained. Next, a series of 2 (Class: GSS, Comparison) X 2 (Session: Pre, Post) mixed effects 

ANOVAs tested the hypothesis that participation in the course would be associated with greater 

task-based connectivity within and between the spatial network and implicit structures (i.e., 

caudate, putamen), and decreased task-based connectivity with explicit structures 

(hippocampus). 

 In contrast to this prediction, however, results indicated that participation in the GSS 

course did not moderate task-based connectivity of implicit systems during the syllogistic 

reasoning task. Specifically, we did not observe an effect of the course on implicit-to-implicit 

connectivity (F1,51 = 0.35, p = 0.56, η2 = 0.01) or connectivity between implicit structures and the 

task-relevant spatial network (F1,51 = 0.07, p = 0.79, η2 = 0.001). Subsequent Bayesian repeated 

measures ANOVAs indicated that the null hypothesis was 4.90 times more likely (i.e., BF01 = 

4.90) for implicit-implicit task-based connectivity and 33.48 times more likely for changes in 

implicit-spatial task-based connectivity (see gPPI Bayesian Supplement). Thus, implicit systems 
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were not more involved during the spatial reasoning task following spatially-focused education. 

Similarly, there was no effect of GSS on, explicit-explicit (F1,51 = 0.26, p = 0.61, η2 = 0.01, BF01 

= 50.69), explicit-spatial (F1,51 = 0.07, p = 0.79, η2 = 0.001, BF01 = 58.34), or spatial-spatial 

network interactions (F1,51 = 0.09, p = 0.76, η2 = 0.002, BF01 = 48.17). Together, these findings 

fail to support our hypothesis that participation in the GSS would influence the involvement of 

implicit and explicit brain structures during the syllogistic reasoning task. Rather, Bayesian 

analyses strongly suggest that this did not occur. 

Modularity Shows Stability over Time and Is Modulated by Task Demands  

We used the technique of modularity maximization across four resolution parameters (0.5 

to 2.0, at 0.5 intervals; Fig. 3.3) to estimate functional modular organization at rest and during 

the syllogistic reasoning task. We first explored whether syllogistic reasoning altered brain-wide 

modularity by comparing modularity at rest with modularity during task. Across all resolution 

parameters – and at both visits – paired t-tests revealed that modularity was significantly higher 

at rest than during task (all ps < 0.0001; Fig. 3.3), suggesting that task demands caused a 

reconfiguration of – and decrease in – intrinsic (i.e., resting-state) modular organization. Further, 

modularity during rest and task were correlated at a trend level at Post (but not Pre; Table S3.3). 

We next performed another series of paired t-tests to investigate changes in modularity 

across the two study visits. Results indicated stability in average modular organization for both 

rest (all ps > 0.21) and task (all ps > 0.57; Table S3.2). Additionally, resting-state modularity was 

positively correlated from Pre to Post, particularly at higher levels of γ (Table S3.3). However, 

no such association was observed during syllogistic reasoning (all r < 0.14). One plausible 

explanation of this observed effect may be that task demands differentially recruited different 

brain regions and networks, thereby increasing variability in modular organization at each study 
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visit. Further, although participation in GSS did not moderate the extent to which syllogistic 

reasoning modularity was correlated across study visits (i.e., Class X Pre Modularity interaction; 

all p > 0.39), prior work has indicated changes in activation of spatial brain regions following the 

GSS (Cortes et al., in prep). Thus, cross-visit correlations during task may not have been 

expected for students enrolled in the GSS. Taken together, these data provide some evidence of 

stable functional modular organization within individuals and across timepoints, and further 

demonstrate differences in modularity based on task demands.  

 
Figure 3.3. Modularity and Geospatial Semester-based learning. (A) Modularity scores were obtained 
over a range of resolution parameters. The inverse relationship between Q and γ is demonstrated. (B) 
Average full-sample resting-state functional connectivity at Pre; increasing γ yields more, smaller 
communities. Community assignments for each node in Appendix S1. (C) GSS-based learning (z-scored) 
is plotted against pre GSS modularity at (γ=1). Across all resolution parameters, Pre modularity was 
unrelated to learning (all p > 0.05; SYL = syllogistic reasoning, SHOM = spatial habits of mind).  

 
Modularity Shows Relationship with Task Performance 

 In order to investigate whether individual differences in modularity were related to 

variation in task performance, we first correlated syllogistic modularity and RCS (we did not 

hypothesize, or observe, an association between resting-state modularity and RCS; all p > 0.31). 
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Modularity during syllogistic reasoning was nominally positively correlated with RCS at Pre, 

although this association failed to reach significance (all γ: p > 0.18). However, we did identify a 

significant, positive correlation between modularity and task performance at Post across all 

resolution parameters (all ps < 0.05; Fig. 3.4; Table S3.5).  

Although zero-order correlations between brain and behavior are fairly common for 

fMRI studies of individual differences, an additional linear regression model was run in order to 

control for variables that may confound the observed associations between modularity and task 

performance. First, the model included covariates for socioeconomic status (SES; estimated via 

mother’s education), race, and gender, as functional connectivity has been previously shown to 

vary by these demographic factors (Satterthwaite et al., 2015; Sripada et al., 2014; Tomasi & 

Volkow, 2012; Ursache & Noble, 2016; Zhang et al., 2018). We also controlled for participant-

level mean framewise displacement to account for in-scanner head movement. Subject motion 

can have substantial impacts on estimates of functional connectivity (Ciric et al., 2017, 2018; 

Cole et al., 2014; Satterthwaite et al., 2013; Satterthwaite et al., 2012) that differentially affect 

different brain networks (Van Dijk et al., 2012), even after common denoising pipelines (Ciric et 

al., 2017, 2018; Van Dijk et al., 2012). There is also evidence to suggest that in-scanner 

movement may be associated with a wide range of behavioral and demographic measures, 

including fluid intelligence and verbal ability (Siegel et al., 2017). Finally, we sought to control 

for lower-level network features that were used to calculate modularity but were not of central 

interest to the hypothesized relationship between modularity and behavior. To this end, we 

included the average functional connectivity strength of negative edges as an additional covariate 

regressor. Note that because positive and negative connections were strongly, inversely related to 

each other, it would have been inappropriate to include both in the linear regression models. 
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Correlations between modularity and several lower level network features are indicated in Table 

S3.1.  

Results from this regression model (for modularity at γ = 1, compatible findings observed 

at other resolution parameters) indicated that modularity remained a significant predictor of task 

performance (β = 0.41, p = 0.04; Table S3.6). Thus, the present findings provide some evidence 

that higher task-based functional modularity may be positively related to task performance, 

although we failed to replicate this effect at both study visits.  

Modularity Is Associated with Academic Performance 

 Given prior work establishing a positive correlation between modularity and intelligence 

(Barbey, 2018; Chiappe & MacDonald, 2005; Finn et al., 2015; Hilger et al., 2017, 2020, see 

Kruschwitz et al., 2018 for alternative account), we next examined whether modularity was 

related to GPA. While most existing literature has relied on resting-state fMRI, we evaluated 

these associations using modularity scores obtained at rest and during the syllogistic reasoning 

task.  

 We found no evidence of an association between resting-state modularity and GPA at all 

resolution parameters at both timepoints (all p > 0.19; Table S3.4). Subsequent Bayesian Pearson 

correlations indicated moderate evidence for the null hypothesis (all BF01 > 5.96; Table S3.9).  

We did, however, observe a strong, positive correlation between Pre modularity during 

syllogistic reasoning and GPA across all resolution parameters (γ=1: r = 0.52, p < 0.0001; Fig. 

3.4A), but this association did not replicate at Post (all r < 0.17, ps > 0.22; BF10 < 1.00; Tables 

S3.4, S3.10). Notably, however, although syllogistic modularity scores were not correlated 

across study visits, we did not receive updated GPA at Post. Thus, correlations involved one 

variable that was unassociated across timepoints (i.e., syllogistic reasoning modularity) and a 
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second variable that was identical (GPA). The failed replication at Post, therefore, is somewhat 

unsurprising. It is plausible – though speculative – that results may differed with updated 

measures of academic achievement.  

 
Figure 3.4. Modularity is associated with task performance and academic achievement. All plots 
display results at γ = 1.0. At Pre (A), modularity during syllogistic reasoning was significantly correlated 
with GPA, although we did not find a significant association with syllogistic reasoning. At Post (B), 
modularity was significantly correlated with syllogistic reasoning RCS, but not with GPA. * p < 0.05, ** p 
< 0.001, see Tables S3.3, S3.4 for complete results across all resolution parameters. 

 
To more precisely estimate the association between modularity and GPA, we ran another 

linear regression model, controlling for demographic information, motion (which has been 

shown to correlate with intelligence measures; Siegel et al., 2017), and lower-level network 

features. Even with these additional regressors, Pre syllogistic reasoning modularity (at γ=1) 

remained a significant predictor of GPA (β = 0.42, p = 0.04; Table S3.7). 

In sum, these results indicate that, modularity – particularly during task – was associated 

with higher academic achievement (i.e., GPA). Further, our findings indicate that additional 

insights may be gained by considering the extent to which one is able to maintain intrinsic, 

resting-state modularity (which is higher than during task) despite competing task demands. 

Additional analyses involving a “difference score” in which task-based modularity was 

subtracted from resting-state modularity are described in Supplementary Information, and were 

largely redundant with those using syllogistic reasoning alone.  
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Modularity Fails to Relate to Geospatial Semester-based Learning 

Having established a relationship between modularity and academic achievement – as 

well as performance during the syllogistic reasoning task – we next focused specifically on the 

subset of participants enrolled in the GSS to explore whether Pre modularity was associated 

specifically with learning, as defined by improvement in syllogistic reasoning (Post - Pre) and 

the development of spatial habits of mind (Post - Pre).  

Pre resting-state modularity – across all resolution parameters – was unrelated to 

improvement in syllogistic reasoning (all r(32) < 0.18, p > 0.33) or the development of spatial 

habits of mind (all r(32) < 0.07, p > 0.70; Table S3.8). This is broadly consistent with the 

previously noted findings that resting-state modularity was not correlated with syllogistic 

reasoning performance or GPA. However, we also failed to observe a correlation between Pre 

syllogistic reasoning modularity and GSS-based learning; Pre modularity syllogistic reasoning 

was uncorrelated with improvement at Post (all r(31) < 0.09, p > 0.66), nor was it correlated with 

the development of spatial habits of mind (all r(31) < -0.02, p > 0.52; Table S3.8). Further, 

although syllogistic reasoning modularity was positively correlated with task performance at post 

– and GSS students improved in the reasoning task – we did not observe an effect of GSS on 

syllogistic reasoning modularity (i.e., Class X Time Interaction; all p > 0.60). Subsequent 

Bayesian analyses indicated further support for the null hypotheses (Table S3.12).  

These null results are particularly noteworthy because the significant association between 

syllogistic reasoning modularity and GPA observed in the full sample was also identified in the 

sub-sample of participants who were enrolled in the GSS (all rs > 0.54, ps < 0.002; β = 0.71, p = 

0.009). Thus, the present findings indicate that modularity may be better described as a mark of 

academic achievement broadly, rather than classroom-based learning specifically. 
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Discussion 

 In this study, we used a novel application of two theories of learning to examine 

academic achievement and school-based learning, with a specific focus on the development of 

spatial reasoning and spatial habits of mind following participation in a specialized, spatially-

focused high school course (the GSS). We found that modularity during a syllogistic reasoning 

task was significantly correlated – and remained significant in regression models – with overall 

GPA as well as task performance, although these results were not replicated across both study 

visits. We did not, however, identify a relationship between modularity and GSS-based learning. 

Among students enrolled in the GSS, Pre modularity was unassociated with improvements in 

spatial reasoning or the development of spatial habits of mind. We also failed to observe a 

significant relationship between course participation and task-dependent connectivity of implicit 

and explicit structures. That is, gPPI analyses failed to identify a significant Class X Time 

interaction, indicating that GSS students did not differ in the extent to which implicit or explicit 

structures were engaged while completing the syllogistic reasoning task.  

Implicit and Explicit Contributions to Learning 

 Prior work has indicated that the relative involvement of implicit and explicit systems is 

modulated by learning. For example, the prominent declarative/procedural model (Ullman, 2001, 

2004, 2016; Ullman & Lovelett, 2018) posits that learning depends on interactions between 

declarative (i.e., explicit) and procedural (i.e., implicit) memory systems. According to this 

account, procedural and declarative learning operate on different, parallel trajectories; the 

declarative memory system is responsible for initial acquisition whereas the procedural system is 

comparatively slower to develop. Over time, however, the procedural system becomes more 

prominent, leading to more rapid processing. The model further indicates that learning context 
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may impact the relative reliance on the two systems, such that declarative memory is more 

readily engaged for instructed learning while procedural memory plays a greater role for more 

complex or implicit learning experiences (Ullman, 2016; Ullman & Lovelett, 2018, 2018). A 

complementary perspective suggests that implicit learning may be a mechanism for neural 

plasticity (Reber, 2013), given the diverse collection of studies that have found that task 

automaticity increases with expertise (Gobet & Charness, 2018; Norman et al., 2018; Posner & 

Rothbart, 2014; Suzuki & DeKeyser, 2017; Ullman, 2004; Yang & Li, 2012). 

Because behavioral results indicated that students enrolled in the GSS may be more 

“expert” spatial thinkers (i.e., improved performance on syllogistic reasoning and more spatial 

habits of mind), we hypothesized that GSS students would display greater task-dependent 

connectivity of implicit structures and less task-dependent connectivity of explicit structures 

during the syllogistic reasoning task. Results, however, failed to support this hypothesis. We did 

not observe any changes in connectivity among or between implicit and explicit systems and the 

spatial network. Moreover, subsequent Bayesian analyses provided strong evidence in favor of 

the null hypotheses.  

These results indicate that it is unlikely that participation in the GSS led to differences in 

task-dependent connectivity of implicit and explicit systems, and may suggest that models 

indicating a shift towards more implicit processing after learning (Reber, 2013; Suzuki & 

DeKeyser, 2017; Ullman, 2001, 2004, 2004, 2016; Ullman & Lovelett, 2018) are not appropriate 

for formal education. Alternatively, however, it remains quite plausible that the present study 

was unable to identify changes to implicit/explicit processing that actually occurred (i.e., Type II 

error).  The most likely source of such error may be the way implicit and explicit systems were 

estimated; implicit and explicit systems were modeled using only their subcortical correlates. 
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Although hippocampus and basal ganglia have been reliably linked with explicit and implicit 

processing respectively (Doyon et al., 1997; Eichenbaum & Cohen, 2001; Gabrieli, 1998; Loonis 

et al., 2017; Packard & Knowlton, 2002; Poldrack et al., 2001; Reber, 2013; Reber & Squire, 

1994; Rugg et al., 1998; Squire et al., 2004; Ullman, 2004, 2016), explicit and implicit 

processing also depend on a larger network involving cortical (Henke, 2010; Reber, 2013; 

Stillman et al., 2016; Ullman, 2004, 2016) and task-specific regions (Albert et al., 2009; Lewis et 

al., 2009; Taubert et al., 2011). Work has also indicated that implicit and explicit learning may 

not be fully anatomically separable (Batterink et al., 2019; Henke, 2010; Reber, 2013). We 

endeavored to control for some of this variability by considering interactions with the task-

relevant spatial network (i.e., so as not to consider implicit and explicit systems in isolation). 

However, even when examining task-based connectivity with the spatial network, GSS students 

still failed to show any differences relative to the controls.  

Quite clearly, additional work is required to better assess whether the null results of the 

present study indicate a true absence of an effect or whether they are indicative of measurement 

error. Surprisingly little research has investigated associations between classroom-based learning 

and implicit and explicit system processing. We are aware of only one prior study (Pluck et al., 

2019) that has sought to relate academic achievement to implicit and explicit systems. This work 

found that non-declarative, implicit learning – but not declarative, explicit learning – was 

significantly correlated with academic achievement. Further, the extent to which students were 

able to engage non-declarative systems and disengage declarative learning further predicted 

school performance. This research operationalized implicit and explicit systems with memory 

tests and incidental learning rather than functional imaging data. Thus, it is unclear whether 

differences in the manner of estimation (i.e., neuroimaging verses behavioral assessments) are 



116 
	

responsible for the discrepant findings. Further research should aim to establish whether 

incorporating brain imaging approaches can provide novel insights beyond what can be gained 

through behavioral measures alone.  

Modularity 

Modular organization, the clustering of network nodes into multiple and distinct 

subgraphs (Genon et al., 2018; Lorenz et al., 2017; Newman, 2006; Power et al., 2011; Sporns & 

Betzel, 2016; Yeo et al., 2011; Toga et al., 2006), is thought to enhance the robustness of the 

brain and allow for flexible adaptation and integration through the rearrangement of pertinent 

subnetworks (Kashtan et al., 2007; Kashtan & Alon, 2005; Wig, 2017). These organizational 

principles have gained considerable prominence in recent years as potential biomarkers of 

general or fluid intelligence (Barbey, 2018; Chiappe & MacDonald, 2005; Finn et al., 2015; 

Hilger et al., 2020, 2020) as well as the capacity to learn or improve from targeted interventions 

(Arnemann et al., 2015; Baniqued et al., 2018; Duncan & Small, 2016; Gallen et al., 2016; 

Gallen & D’Esposito, 2019). Results from the present study lend some support to these 

perspectives. Most notably, we observed a significant positive association between modularity 

and GPA, even when controlling for demographic factors, in-scanner movement, and lower-level 

network features.  

While prior work on modularity and measures of intelligence have relied on resting-state 

fMRI data, we found no evidence of a correlation between resting-state modularity and GPA. 

Instead, associations observed in the present study involved modularity during a syllogistic 

reasoning task, such that higher modularity was strongly associated with GPA as well as 

performance of the task itself. Because modularity was significantly higher at rest (in line prior 

research; Di et al., 2013), it is likely that the reasoning task involved a reconfiguration of 
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functional modules, thereby decreasing brain-wide modularity. Our results indicate that, rather 

than modularity at rest, a more effective neural biomarker of academic performance may be task-

based modularity. Thus, the extent to which one can “maintain” greater modular organization 

despite task demands may be more instructive than modularity observed at rest. Note, however, 

that results involving a “difference score” in which task-based modularity was subtracted from 

resting-state modularity were redundant with those obtained using task-based modularity alone. 

Therefore, it is unclear whether the amount of change from intrinsic (i.e., resting-state) 

functional organization can offer unique insights beyond modular organization during the task 

itself.  

It is prudent to acknowledge, however, that the resting-state scan was only five minutes 

in duration. Although this is reasonably consistent with prior work that has related modularity to 

intervention-related gains (Arnemann et al., 2015; Baniqued et al., 2018; Gallen et al., 2016), the 

effect of scan duration can impact functional connectivity estimates. Specifically, scan durations 

of 12 or more minutes have been shown to be substantially more reliable than 5-7 minute scans 

(Birn et al., 2013). Because the syllogistic reasoning task was likely a sufficient duration to allow 

for stabilization of functional networks (Van Dijk et al., 2009), it is plausible that a longer 

resting-state scan would have yielded results more similar to that which was observed between 

task-based modularity and GPA. 

 It is also notable that, whereas prior research has associated modular organization with 

assessments of general intelligence (i.e., the Wechsler Abbreviated Scale of Intelligence; Hilger 

et al., 2017, 2020; Weschler, 2011) and memory (Stanley et al., 2014; Stevens et al., 2012; Wig, 

2017), the present study focused on GPA, which is subject to a host of additional factors 

including motivation, attendance, and effort (Goldman & Widawski, 1976; Noble & Sawyer, 
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2004; Stiggins et al., 1989). On the one hand, this complicates the specificity of the present 

findings as the observed effects could be attributed to any combination of these variables (and 

several others). However, given the influence of high school GPA on later life achievement 

(French et al., 2015; Noble & Sawyer, 2004; Noble & Sawyer, 2002; Sawyer, 2013; Schulenberg 

et al., 1994), identifying its neural correlates is likely to be of interest to educators and policy-

makers at the very least, and may have additional value if it can provide insights beyond what 

can be attained through behavioral assessments alone (Goswami, 2009; Supekar et al., 2013). At 

least based on the results of the present study, however, it is unclear whether modularity can 

have such prescriptive utility. The observed relationship between task-based modularity and 

academic performance was not extended when analyses focused specifically on GSS-based 

learning. Although GPA and modularity remained significantly associated for the subset of 

participants enrolled in the GSS, modularity prior to enrollment (i.e., at Pre) did not relate to the 

developmental of spatial reasoning abilities and spatial habits of mind fostered by the specialized 

course. Thus, modularity was unable to predict future learning. 

The present study differed from the prior literature in a number of other notable ways. To 

our knowledge, all published work that has reported an association between modularity and 

intervention-related changes has been restricted to either patient populations with neurological 

damage (Arnemann et al., 2015; Duncan & Small, 2016) or older individuals (Baniqued et al., 

2018; Gallen et al., 2016; Iordan et al., 2018) who, while ostensibly healthy (Gallen & 

D’Esposito, 2019), are likely to have impaired cognitive functioning and reduced modularity 

(Betzel et al., 2014; Geerligs et al., 2015; Song et al., 2014), particularly for brain systems 

involved in memory and fluid processing (Chan et al., 2014). Given these qualifications, it is 

possible that individual differences in modularity may be a downstream result – or at least 
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meaningfully influenced by – neurological damage or degeneration. That is, modularity may be a 

proxy for “brain health” rather than uniquely related to a larger organizational framework, and 

those with less significant decay would show higher modularity and be more receptive to 

interventions. This line of thinking is partially supported by one study that reported a correlation 

between modularity and learning for older, but not younger adults (Duncan & Small, 2016). It is 

also worth noting that the GSS course lasted the duration of the academic year. Conversely, 

among all prior work, only one intervention extended for more than four months (Baniqued et 

al., 2018). Thus, it is possible that modularity may be a useful marker for short-term or initial 

gains from an intervention, but more extended – and perhaps lasting – effects elude prediction.  

Conclusions 

Issues of reproducibility and validity are quite pressing for fMRI research (Eklund et al., 

2016; Nichols et al., 2017). To improve transparency and replication, many leading scientific 

publishers have specifically highlighted the value of publishing – rather than effectively burying 

– “null” or “negative” results (“Rewarding Negative Results Keeps Science on Track,” 2017). 

Null results are especially important for the rapidly developing field of network neuroscience 

given the increased use of graph theoretic techniques to answer questions about multifaceted 

psychological constructs. Along similar lines, selective reporting in which investigators disclose 

only “significant” findings from a larger collection of computationally and theoretically related 

analyses further worsens replicability (Dwan et al., 2008; Szucs & Ioannidis, 2017) – especially 

in smaller samples (Button et al., 2013). For these reasons, we reported a mixed collection of 

findings, only some of which indicated a significant effect.  

 In sum, the present study investigated the behavioral and neural correlates of academic 

achievement and learning – including improvements in spatial thinking following a specialized 
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year-long course. We found that modularity was positively associated with academic 

achievement. In contrast to prior work, however, modularity was unrelated to behavioral gains 

following participation in the specialized course (i.e., GSS-based learning). We also failed to 

identify an association between course participation and task-based connectivity of implicit and 

explicit systems. Our findings provide new insights into how and when two prominent 

perspectives on learning (i.e., implicit-explicit models, modularity) may be used to predict and/or 

assess academic achievement and more extended forms of learning. This is especially pertinent 

given initiatives to identify neural biomarkers and create a network-based quantitative 

framework of learning that can transcend learning environments and contexts. Our results help to 

solidifying these parameters and may advance the field closer to achieving its ambitious goals.  
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GENERAL DISCUSSION 

This dissertation focused on human learning, with a particular emphasis on the processes 

by which information transitions between implicit and explicit systems. Additional questions 

concerned the neural bases of learning, focusing specifically on (i) interactions between implicit 

and explicit systems and (ii) the role of the brain’s modular organization.  

Studies 1 and 2 found that intuitions emerged from implicit learning. In Study 1, 

intuitions of universal order mediated the relationship between implicit pattern learning and 

belief in an ordering god. In Study 2, intuition timing and accuracy were significantly associated 

with later-developed explicit knowledge (although there was no effect of implicit learning on 

intuition accuracy; see below). Study 3 examined whether students showed more task-based 

connectivity of implicit subcortical brain structures after gaining task-relevant expertise. 

Although no such relationship was observed, results did demonstrate that functional modularity 

was significantly associated with academic achievement. 

 Study 1 found that implicit learning of patterns during a Serial Reaction Time Task was 

associated with (i) stronger belief in an intervening/ordering god, (ii) increased strength of belief 

from childhood to adulthood, and (iii) intuitions of universal order. These results – which were 

replicated in socio-religiously disparate samples from the United States and Afghanistan –  are 

consistent with prominent psychological and anthropological accounts indicating variation in 

bottom-up perceptual learning mechanisms as an influence on religious belief formation (Barrett, 

2000; Baumard & Boyer, 2013; Norenzayan et al., 2016). Findings are also aligned with 

explanatory frameworks of human information processing implicating implicit learning as a 

basis of intuition, and intuition as basis of explicit beliefs and/or knowledge (Epstein, 2010; 

Hodgkinson et al., 2008; Lieberman, 2000; Reber, 1989). Specifically, results introduced a novel 
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but conceptually-related account that individuals who are better at implicitly learning patterns 

that are actually present in the environment may be biased toward belief in ordering gods.  

Despite a large collection of theoretical work describing a temporally-based information-

processing pathway (i.e., implicit learning à intuitions à explicit knowledge), no prior work 

had empirically tested this relationship. Although Study 1 suggested that intuitions emerged from 

implicit learning, the focus was not on the accuracy of the intuitions or whether intuition 

accuracy was predictive of later explicit knowledge. These questions were the subject of Study 2. 

Results indicated that intuitions emerged from implicit learning experiences prior to explicit 

knowledge. Moreover, the accuracy of explicit reports was significantly associated with intuition 

timing and accuracy. These findings support intuitions as a bridge between implicit learning and 

explicit, consciously-accessible knowledge and beliefs. However, superior implicit learning was 

not predictive of intuition accuracy in Study 2. Therefore, it remains an open question as to what 

is responsible for individual differences in intuition accuracy.  

Study 1 argued that the observed association between implicit pattern learning and belief 

in an ordering god was primarily bottom-up in its directionality. This is consistent with prior 

work on the neurocognitive bases of religious belief (Barrett, 2000; Baumard & Boyer, 2013; 

Boyer, 2003, 2008; Gervais et al., 2011; Norenzayan & Gervais, 2013; Willard & Norenzayan, 

2013).  Yet, there is almost certain to be some amount of top-down influence as well. Indeed, 

prediction-based models of brain function describe an interconnected loop-like architecture in 

which the brain predicts inputs based on past statistical occurrences or patterns (Clark, 2013). 

There is also ample evidence of top-down influences on automatic perceptual information 

processing (Epstein, 2010; Evans, 2008; Keren & Schul, 2009). Potential top-down influences do 

not invalidate the findings of Studies 1 or 2 because – as noted in Study 2 – top-down influences 
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frequently accompany “real world” examples of implicit learning. It is plausible, however, that 

variation in top-down factors may be responsible for individual differences in intuition accuracy. 

 Implicit and explicit knowledge, studied in an educational context, were also a subject of 

inquiry in Study 3. Key questions concerned whether students who were enrolled in a spatially-

focused high school course would exhibit greater implicit task-based connectivity during a 

spatial reasoning task relative to controls. In contrast to the hypothesis, no differences in implicit 

or explicit system connectivity were observed between the two groups. Findings did, however, 

indicate that functional modularity was significantly associated with academic achievement, 

extending prior work that has identified an association between modularity and various domains 

of learning and intelligence. However, modularity was not associated with classroom-based 

learning. 

The relationship between general intelligence (g) and learning has been the topic of a 

considerable amount of research. The extent to which these two somewhat-messy constructs 

relate to one another remains largely unsettled (Alloway, 2009; Alloway & Alloway, 2010; 

Danner et al., 2011; Mackintosh & Mackintosh, 2011; Reber et al., 1991). Still, it is reasonable 

to hypothesize that learning and g may share some neural underpinnings (Danner et al., 2011), 

especially if learning is conceptualized as the adaption and integration of new information into 

prior knowledge. Considered in this sense, learning exists at the intersection of crystalized 

intelligence – which may originate from prior learning and experience (Barbey, 2018; Bassett et 

al., 2011; Büchel, Coull, & Friston, 1999; Pascual-Leone, Amedi, Fregni, & Merabet, 2005) – 

and fluid intelligence, which is dependent on the brain arriving at less frequently reached states 

(Gu, Pasqualetti, et al., 2015). Certainly, additional work is required to disentangle the network 

architecture responsible for learning from that which is responsible for higher cognition in 
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general. These efforts will be beneficial in the ongoing effort to identify neural biomarkers or 

frameworks (Bassett & Mattar, 2017; Gallen & D’Esposito, 2019), especially those with value 

for formal education.       

Together, the results of this dissertation clearly support frameworks of human cognition 

indicating interacting implicit and explicit systems. Further, intuitions developed from implicit 

learning experiences are likely to have an influence on more consciously-accessible knowledge 

as well as the formation of explicit beliefs. The brain’s modular organization provides a 

framework for understanding learning, and individual differences in modularity appear to be 

meaningfully associated with academic achievement. This may be because modularity is 

conducive to flexible, adaptive alterations of associations. Future research should more directly 

explore whether modular organization – or other network-based quantifications of brain structure 

or function – have utility as a marker of in-school learning or achievement.  
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