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Abstract
[image: ]Despite many calls, functional brain magnetic resonance imaging (fMRI) studies are relatively rare in the domain of entrepreneurship research. This methodological brief presents the brainimaging method of resting-state fMRI (rs-fMRI) and illustrates its application in neuroentrepreneurship for the first time. In contrast to the traditional task-based fMRI approach, rs-fMRI observes the brain in the absence of cognitive tasks or presentation of stimuli, which offers benefits for improving our understanding of the entrepreneurial mind. Here, we describe the method and provide methodological motivations for performing brain resting-state functional neuroimaging studies on entrepreneurs. In addition, we illustrate the use of seed-based correlation analysis, one of the most common analytical approaches for analyzing rs-fMRI data. In this illustration, we show that habitual entrepreneurs have increased functional connectivity between the insula (a region associated with cognitive flexibility) and the anterior prefrontal cortex (a key region for explorative choice) as compared to managers. This increased connectivity could help promote flexible behavior. Thus in brief, we provide an exemplar of a novel way to expand our understanding of the brain in the domain of entrepreneurship. We discuss possible directions for future research and challenges to be addressed to facilitate the inclusion of re-fMRI studies into neuroentrepreneurship.
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Entrepreneurs are a crucial source of inspiration, facilitating economic growth, employment, technological advancement, and solutions to societal challenges (van Praag & Versloot, 2007). Accordingly, and perhaps not surprisingly, researchers in entrepreneurship are intrigued by compelling questions, such as why some people recognize or create new opportunities and others do not, why some people start ventures and others do not, and why some entrepreneurs are more successful than others (e.g., Baron, 1998).
Various approaches have been used to address these questions in the extant literature. Early roots in this area of inquiry trace back to personality psychology and the assumption that entrepreneurs must have special traits that facilitate the identification, exploration, and implementation of new opportunities. The bulk of studies conducted on this topic have compared the prevalence of ‘‘Big Five’’ personality traits between cohorts of entrepreneurs and managers (Kerr et al., 2018; Zhao & Seibert, 2006). Meta-analytic evidence suggests that entrepreneurs are seemingly more open to experience, more conscientious, and less agreeable and neurotic compared to managers. However, efforts to identify a consistent set of personality markers that might predict the emergence and success of new ventures have yielded ambiguous evidence and inconclusive results (Baron, 1998). Accordingly, there is support for the premise that ‘‘Who is an entrepreneur?’’ might be the wrong question to ask (Gartner, 1989; Ramoglou et al., 2020).
Following the lack of evidence from the personality-trait approach and rethinking the people side of entrepreneurship research (Mitchell et al., 2002), an established body of research has focused on studying entrepreneurial cognition (for a review, see Gre´ goire et al., 2011; Mitchell et al., 2020; Shepherd et al., 2015). Thus far, the techniques used to empirically study entrepreneurs’ cognitive functioning have primarily involved indirect approaches, employing qualitative methods (Dew et al., 2009; Sarasvathy, 2001, 2008), or quantitative methods (Busenitz & Barney, 1997; Lawrence et al., 2008; McGrath et al., 1992). Although these approaches have improved our knowledge, they remain constrained by numerous pitfalls and limitations (Massaro et al., 2020). For example, research participants may experience difficulties in articulating their own mental processes (Trapnell & Campbell, 1999) or might be biased by peer-group answers or social desirability (Holbrook et al., 2003).
In contrast to these approaches, the advent of functional neuroimaging tools, such as functional brain magnetic resonance imaging (fMRI)—the current workhorse of neuroscience—has provided novel ways to more directly and objectively measure the neural processes underlying entrepreneurs’ thoughts, attitudes, and behaviors (Gabrieli et al., 2015). Thus, combining neuroscience and entrepreneurship offers unique opportunities to increase our understanding of the entrepreneurial mind (Martin de Holan, 2014). Moreover, as Massaro et al. (2020) previously noted, ‘‘if thinking and cognition differ between and across entrepreneurs and non-entrepreneurs, it would be possible in principle to assess variations in their respective neural activities’’ (p. 4).
In this methodological brief, we first summarize the available empirical studies in neuroentrepreneurship and present our motivations to include resting-state fMRI (rs-fMRI) studies in the nascent field of neuroentrepreneurship. We then apply this method to illustrate how seed-based correlations, one of the most popular rs-fMRI data-analysis techniques, can be used to examine a longstanding question in the entrepreneurship literature: ‘‘What distinguishes entrepreneurs from others?’’ (Massaro et al., 2020). Finally, we discuss possible directions for future research and mention challenges to be addressed which can facilitate the integration of rs-fMRI into neuroentrepreneurship research.
Methodological Motivation
From the time of the study of Baron et al. (2004), who were among the first to advocate the inclusion of neuroscience in entrepreneurship, many scholars have emphasized that developing our understanding of entrepreneurial cognition could prove difficult if we rely solely on the traditional methods of social psychology and organizational research (Kaffka & Krueger, 2018; Martin de Holan & Couffe, 2017; Massaro et al., 2020; McMullen et al., 2014; Nicolaou & Shane, 2014; Turcan & Fraser, 2018; Ward et al., 2017). Surprisingly, despite the many calls to adopt neuroimaging in our scientific toolbox, there are very few studies that have done so (for a review, see Nofal et al., 2018). In fact, we could only find seven neuroimaging-related studies (see Table 1), all of which adopted a task-based approach to study themes around (1) decision-making efficiency (Laureiro-Martı´nez et al., 2014), (2) emotion and entrepreneurs’ affective bonds with their ventures (Lahti et al., 2019; an extension study of Halko et al., 2017), (3) emotion and startup pitch engagement (Shane et al., 2020), (4) impulsivity associated with attention-deficit hyperactivity disorder symptoms (Fisch et al., 2021; an extension study of Bernoster et al., 2019), and (5) opportunity recognition (Zaro et al., 2016).
Despite the ostensible usefulness of identifying which brain regions are activated during a specific task, such approaches are prone to bias since repeated task sessions can be confounded by adaptation to the task (Fox & Greicius, 2010). Furthermore, most of the tasks used in such studies were initially developed for clinical use. This makes their use with healthy individuals problematic since participants may find them too easy, which makes reaching ceiling effects highly likely (Laureiro-Martı´nez & Brusoni, 2018). By eliminating tasks, rs-fMRI can circumvent these biases and could help to characterize differences in entrepreneurs’ brains at rest.
This alternative to task-based fMRI was first reported by Biswal et al. (1995), who showed that the brain is not idle but that activation in the resting-state could exhibit similar activity patterns as those in the task state. This novel discovery suggested that these patterns might reflect the functional interactions between different anatomically separated brain regions that form resting-state functional networks. Since then, several replication studies have confirmed this pioneering work, showing a strong connection between the left and right hemispheric motor cortex (i.e., the motor network). Subsequently, other studies have extended these findings to other resting-state networks, including the visual, auditory, salience, frontoparietal, and default-mode networks (van den Heuvel & Hulshoff Pol, 2010). These studies have shown that the human brain is a highly efficient network comprising many different regions that continuously share information with each other (van den Heuvel & Hulshoff Pol, 2010). Since the advent of the rs-fMRI technique, the functional connectivity of the brain has been studied in various contexts, including in healthy individuals and people with neurological and psychiatric disorders (Fox & Greicius, 2010).
Interestingly, some of these studies have suggested that connectivity strength reflects a history of co-activation of functionally connected regions in the brain, meaning that such changes in functional connectivity reflect the regular recruitment of regions and might reveal a neural signature of expertise (for a review, see Guerra-Carrillo et al., 2014). For
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4 instance, seed-based rs-fMRI analysis has been used with experts to examine how motor (i.e., dance, endurance running) and cognitive expertise (i.e., meditation, chess, musician) impacts functional connectivity (see Cantou et al., 2018). This technique can also be used to detect individual differences (Dubois & Adolphs, 2016)—that is, rs-fMRI has been successfully used to link functional connectivity to individual differences in cognitive functions (Griffa et al., 2022; Van De Ville et al., 2021), self-reported personality traits (i.e., extraversion and neuroticism; Pang et al., 2016), creativity (Beaty et al., 2014), and undesirable social behavior (dishonesty; Speer et al., 2022).
Overall, rs-fMRI has several important benefits over task-based fMRI. First, data acquisition is less complex, and rs-fMRI can be easily implemented in hospital scanners since it does not require any specific hardware or software for presenting stimuli. A recent survey of neuroradiology professionals found that 90% of respondents had adequate equipment to conduct such analyses (O’Connor & Zeffiro, 2019). Second, unlike taskbased fMRI, which only examines a small portion (\5%) of brain activity (Raichle & Mintun, 2006), rs-fMRI does not require multiple repetitions of stimuli per experimental condition to achieve sufficient power and reliability. This benefit eliminates the need for repeated sessions and reduces the time required for data acquisition. Third, rs-fMRI looks at the entire brain, as opposed to task-based approaches which only reveal the brain regions affected by a specific task. Accordingly, rs-fMRI data can be used to study multiple brain systems, while task-based analyses require dedicated data acquisition for each function being studied. Therefore, rs-fMRI enables researchers to examine multiple systems simultaneously using the same data, thereby reducing the number of acquisitions required. Fourth, since no tasks are involved, no language or cultural barriers arise, so rsfMRI can be used with participants, for example, with low IQ, individuals in a vegetative or coma state, and pediatric patients. This benefit makes it easier to pool data acquired by different research teams, as demonstrated by the 1,000 Functional Connectomes Project, and could help researchers perform cross-cultural studies of entrepreneurs.1 Fifth, as pointed out by Ward et al. (2017), compared to most entrepreneurship research, which concentrates on what entrepreneurs think when they are acting, rs-fMRI allows researchers to observe what happens when entrepreneurs are not acting and thus opens many exciting research avenues.
In summary, the ease of setup, the opportunity to study multiple brain systems simultaneously, and the reduced time and cost for data acquisition (typically around $500–$1,000 per hour) make rs-fMRI an attractive tool for advancing our knowledge of entrepreneurs’ brains. And, given the large number of rs-fMRI papers available (nearly 10,000 rs-fMRI papers are currently listed in PubMed), it is surprising that, to our knowledge, no rs-fMRI studies have been conducted, so far, in the neuroentrepreneurship domain.
Resting-State fMRI Data-Analysis Approaches
Various models can be used to approach rs-fMRI data and can be grouped into hypothesis-driven (or model-dependent) and data-driven (model-free) perspectives. The three most common methodological avenues are (1) seed-based correlation analysis, (2) independent components analysis (ICA), and (3) brain network theory approaches. These methods have their own unique advantages and disadvantages, which we briefly discuss in this section to familiarize nonexperts.2
Seed-Based Correlation Analysis
Seed-based correlation is a hypothesis-driven method. This method involves selecting the rs-fMRI time series of a predefined brain region (i.e., the seed, also called the region of interest [ROI]), which is usually chosen a priori from previous literature or from an anticipated brain-activation map, and comparing the average BOLD time course of the voxels3 within this seed with the time courses of all other voxels in the brain. Next, a threshold is established to identify voxels that are strongly correlated with the seed. The main advantages of this method over others are that it is computationally simple and provides a direct answer to a specific question, which facilitates interpretation of the results (Cole et al., 2010). Furthermore, test-retest studies have revealed that functional connectivity within resting-state networks can be identified with moderate to high reliability (Shehzad et al., 2009). Accordingly, the seed-based correlation technique is a good entry point for starting rs-fMRI data analysis in neuroentrepreneurship.
Independent Component Analysis and Network Theory Approaches
ICA is a multivariate statistical technique that maximizes statistical independence among its components. ICA considers all voxels at once and uses algorithms to separate a dataset into distinct networks that are correlated but also independent. ICA is beneficial for exploratory research as it does not require the selection of a seed region prior to analysis and typically requires fewer assumptions. Even though, compared to seed-based methods, no prior knowledge is required for analyzing rs-fMRI data, and ICA is not without challenges. ICA uses iterative optimization, which induces a degree of run-to-run variability. The method requires delineating how many components to estimate, which is somewhat arbitrary. Finally, ICA can result in the estimation of a large number of components, which may be difficult to identify and classify since not all might be of neural origin (Cole et al., 2010).
Network theory approaches employ graph analytical methods to assess brain connectivity organization in terms of its spatial and temporal properties. Graph theory provides a framework for studying the topology of complex networks and can reveal important insights into both the local and global organizations of functional brain networks (van den Heuvel & Hulshoff Pol, 2010). For example, studies have shown how the brain connections form clusters or modules, denoting segregation, and how well brain regions are connected within and between segregated networks, that represent the network integration. The balance between network segregation and integration can explain how the brain connections are formed modularly (Deco et al., 2015). This method also has some limitations—issues include statistical thresholding, and the interpretation of results is complex, and drawing conclusions requires deep expertise of the brain anatomy and functions.
In summary, the distinction between these methods is an important consideration when selecting an analysis technique: seed analysis extracts regions that are functionally connected to the seed, whereas ICA extracts all detectable networks within a subject. The choice of method depends on the research design—hypothesis driven or data driven.
Methodological Considerations
Before illustrating the use of seed-based correlation analysis in neuroentrepreneurship, we provide some best practices to obtain reliable and useful results from rs-fMRI data.
Data Acquisition
While there is no single agreed-upon method to acquire rs-fMRI data, we recommend applying clear, precise, and consistent procedures during and across studies to be able to compare and replicate results from one site to the next. For example, studies have shown that results can vary depending on whether participants keep their eyes open or closed or fixate their gaze on a spot during the scan (Cantou et al., 2018). Different instructions for how to ‘‘rest’’ in the noisy scanner environment (i.e., relax and be still; attend to or ignore the noise) have also been shown to alter resting-state connectivity between brain regions (Benjamin et al., 2010). Furthermore, acquisition time may also influence resting-state functional connectivity.
Data Organization
Neuroimaging studies are big data studies, and we encourage researchers to immediately start using the Brain Imaging Data Structure (BIDS) standard—one of the best practices to store and structure the vast number of files generated from these studies. This data structure improves the ease of use, accessibility, and reproducibility of neuroimaging studies (Gorgolewski et al., 2017). Furthermore, several BIDS applications that take advantage of the Singularity container technology4 can simplify the complex setup and configuration of the software packages used in neuroimaging studies. Unfortunately, we learned this lesson the hard way, only realizing the need for such a standard later during our data-analysis journey.
Pre-Processing
As with most neuroimaging analyses, pre-processing and cleaning rs-fMRI data are essential steps needed to reduce sources of false-positive errors without inducing excessive falsenegative errors (Caballero-Gaudes & Reynolds, 2017; Esteban et al., 2019). In particular, the small amplitude of rs-fMRI makes it highly susceptible to artifacts, especially those arising from head motion and from non-neuronal physiological signals, such as respiratory, pulsatile, and cardiovascular noise. Therefore, removing confounding signals that may interfere with the interpretation of rs-fMRI data is necessary to improve analysis quality (Van Dijk et al., 2010). Removing such confounds is particularly important in studies comparing functional connectivity between groups (Murphy et al., 2013). Accordingly, data cleaning is a critical step when using rs-fMRI data.
We recommend following the classical pre-processing steps (see Figure 1) consisting of motion correction, brain extraction, and co-registration (Murphy et al., 2013; Parkes et al., 2018; van den Heuvel & Hulshoff Pol, 2010) as well as an ICA-based cleaning procedure. This procedure is beneficial in rs-fMRI data as there is no a priori information about the signal of interest (Griffanti et al., 2017). Although automated approaches have been developed, visual inspection remains the gold standard for component classification. We recommend Griffanti et al.’s (2017) guidelines as they provided visual examples and practical strategies to conduct more reliable and reproducible manual cleaning. In addition, it is recommended that this step be performed by two assessors and that, in the case of doubt, an expert should determine the final classification.
We again want to emphasize that pre-processing rs-fMRI data is critical and that particular attention needs to be given to this action before any further data analysis occurs. We encourage researchers to examine the quality of their data after completing intermediate
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Table 2. Inclusion Criteria for Manager and Habitual Entrepreneur fMRI Data Acquisition.

Managers	Habitual entrepreneurs

Gender matched; right handed; no history of neurological disorder, cognitive disability, or medication that affects the central nervous system
Worked in a company with more than 250 employees.a	Founded and managed at the least
three start-ups. Made decisions related to human resources, finance, intellectual property, or legal, marketing.
Worked for at least 3 years inside the company as a manager.
Had no previous experience as an entrepreneur nor experience working on a startup project before the study.

Note. fMRI = functional brain magnetic resonance imaging. aManagers from established medium- and large-sized firms are an ideal comparison group because contrary to habitual entrepreneurs, they work in more predictable environments and tend to focus on efficiency improvements.
pre-processing steps to help identify any abnormalities that might go unnoticed when conducting group-level analyses.
Software
Several software packages are available to conduct these pre-processing steps and further rs-fMRI data analysis. SPM and CONN are among the best and benefit from large, active, communities. These options, especially the CONN toolbox, offer complete batchprocessing environments with good, user-friendly, graphical user interfaces (WhitfieldGabrieli & Nieto-Castanon, 2012). Both toolboxes are updated regularly, have in-depth documentation, and can run on different operating systems. Finally, CONN includes a rich set of connectivity analyses, with seed-based analysis being one of many (i.e., ROI-toROI graph analysis, group ICA, masked ICA, generalized psychophysiological interaction, amplitude of low-frequency fluctuation, global correlation, local correlation, to name a few). We encourage entrepreneurship scholars interested in neuroentrepreneurship to follow the many tutorials available (see Appendix B) and take a training organized by the teams that developed them.
Illustrating Seed-Based Correlation Analysis in Neuroentrepreneurship
Having explained the most important methodological considerations of rs-fMRI, we now provide an illustration of how seed-based correlation analysis can help advance neuroentrepreneurship by comparing the functional connectivity of groups of habitual entrepreneurs and managers. We applied the seed-based correlation analysis pipeline (see Figure 1; also see Appendix A for fMRI Supplemental Material) to examine our hypothesis using rs-fMRI data obtained from 40 French-speaking participants (Table 2).5 Of these, 23 were habitual entrepreneurs (i.e., individuals who had launched at least three businesses; mean age=49; SD=8)6 and 17 were managers (mean age=42; SD=8). We chose a hypothesis-based approach as we know that valuable insights ‘‘may be obtained through careful comparison of the cognitive processes of entrepreneurs and other persons’’ (Baron,
1998, p. 275; Busenitz & Barney, 1997; Dew et al., 2009). Here, Laureiro-Martı´nez et al. (2014) revealed, in their pioneering study comparing the brain activity of entrepreneurs and managers, that entrepreneurs show stronger activation in regions of the frontopolar cortex. Thus, our work is built on the preliminary neuroscience study of Lawrence et al. (2008), which showed, using Cambridge Gamble Task, that the entrepreneurs in their study behaved significantly riskier (i.e., betting a greater percentage of their accrued points) compared to a control group of managers who lacked venture-creation experience. Moreover, this observed difference was accompanied by higher impulsiveness and cognitive flexibility among the entrepreneurs. Regarding cognitive flexibility, while it has been emphasized by other scholars (Baron et al., 2012; Foo et al., 2015; Shepherd & Gruber 2021), empirical studies in entrepreneurship are still in their infancy (e.g., Gemmell et al., 2012). We do know, though, that cognitive flexibility is significantly and positively related to individuals’ attitudes toward risk-taking, entrepreneurial self-efficacy, and entrepreneurial intentions (Dheer & Lenartowicz, 2019; Jiatong, et al., 2021). Unfortunately, this is the extent of our current knowledge.
Overall, given (1) the cognitive differences between managers and entrepreneurs highlighted by previous research (perhaps owing to the uniquely uncertain environment in which entrepreneurs operate), (2) the significance of cognitive flexibility in entrepreneurship demonstrated by Lawrence et al. (2008) and others, and (3) the fact that the brain—as demonstrated by neuroscience studies—continues to be shaped by experience (GuerraCarrillo et al., 2014), we expect to find differences in the strength of functional connectivity between some of the brain regions associated with cognitive flexibility when comparing groups of habitual entrepreneurs and managers.
We followed best practices before (1) data acquisition, and participants were instructed to remain as still as possible for the whole process and to let their thoughts flow with their eyes closed while staying awake. After the scan, participants were asked if they slept, meditated, or thought about something peculiar. While a single rs-fMRI scan of 5min can be used for data acquisition (Birn et al., 2013), we used a 10-min acquisition time to obtain reliable brain connectivity maps. (2) Data pre-processing was conducted according to the above recommendations to clean the signal using the FSL and CONN toolboxes. As recommended, we visually inspected the outputs to identify any abnormalities using the userfriendly quality control reports provided by the CONN toolbox. Next, we engaged in (3a) seed selection by choosing the brain region for seeding based on numerous neuroimaging studies of cognitive flexibility that have contributed to a better understanding of the neural correlates of cognitive flexibility (Uddin, 2021). Recent meta-analyses of neuroimaging studies have identified different brain regions associated with cognitive flexibility, including the right anterior insula (Dajani & Uddin, 2015). Indeed, Molnar-Szakacs and Uddin (2022) discussed evidence that the insula acts as a gatekeeper between the frontal lobes and other brain regions involved in executive functions, which allows for flexible, adaptative, and goal-directed behavior. Other studies have shown that the insula is a critical hub linking large-scale brain systems (Figure 2) involved in a wide variety of functions, two of which are flexible behavior and decision-making under uncertainty—key aspects of entrepreneurial thinking (Droutman et al., 2015; Loued-Khenissi et al., 2020; Siebenthal et al., 2020; Singer et al., 2009; Tong et al., 2016). Therefore, we chose the insula for our seed hypothesis and performed (3b) brain parcellation using the Harvard-Oxford atlas available in CONN and bold time-series extraction using the CONN toolbox. The BOLD time series were band pass filtered with 0.009 to 0.09Hz as recommended for resting-state fMRI connectivity analysis. Next, we computed (4) a connectivity map for each individual subject

Figure 2. Schematic representation of insular functions.
Note. This figure is adapted from Gogolla (2017). The insula is a critical hub linking large-scale brain systems.
(i.e., first-level analysis) by quantifying the correlation coefficients between the seed time series and the time series of all other voxels in the brain. Finally, we used the individual connectivity z-maps to conduct a (5) second group-level general linear model analysis (i.e., group-level analysis) to obtain group-level estimates. We then computed between-group t-tests to analyze differences between the habitual entrepreneur and manager groups. The statistical threshold was set to a cluster-level-corrected a value of .05 for voxel-wise p-value of \.05 with false-discovery rate (FDR) correction (with a minimum cluster extent of 20 contiguous voxels) (Lenka et al., 2017).
Results and Reflections
When we used the right insula as the seed, habitual entrepreneurs showed increased functional connectivity between right insula with the right frontal pole (i.e., the anterior prefrontal cortex)—a key region for explorative choice—as compared to managers. Habitual entrepreneurs showed a significant anti-correlation between the right insula and a second cluster covering the precuneus cortex and cingulate gyrus (see Table 3 and Figure 3). These results were confirmed through permutation analyses (1,000 simulations) while controlling for age. No significant group difference was observed when we used the left insula. We recommend the use of this non-parametric method (i.e., permutation analysis) to validate results since it is well suited for dealing with small samples (Eklund et al., 2016).
The significantly greater connectivity between the right insula and right frontal pole cortex observed among habitual entrepreneurs is in line with studies demonstrating the implication of these two brain regions in cognitive flexibility (Dajani & Uddin, 2015; Menon & Uddin, 2010; Uddin, 2021). A considerable body of research—in domains outside of entrepreneurship—has been conducted on the frontal pole cortex, which is considered the


Table 3. Significant Clusters Identified in Functional Connectivity Analysis.
	Seed
	Cluster
	MNI
(x, y, z)
	Cluster size
	T
	p-FDR

	Right insula
	Right anterior prefrontal cortex
	+ 42, + 50, 202
	671
	5.60
	0.021

	
	Precuneus/posterior cingulate gyrus
	+ 06, 240, + 22
	418
	25.74
	0.043


Note. Results were confirmed on non-parametric-based statistics. p-FDR is corrected for multiple comparisons. p-FDR = p-false-discovery rate; MNI = Montreal Neurological Institute coordinate system.

Figure 3. (Top) Seed-to-voxel-based connectivity of the right insula for habitual entrepreneurs (left panel) and managers (right panel). The insula (seed region) is depicted in green. Red to yellow regions represent positive connectivity and blue to green regions represent negative connectivity (i.e., anticorrelation) with the seed regions in habitual entrepreneurs as compared to managers. False-discovery rate corrected p\.05. (Bottom) Seed-to-voxel-based connectivity of the right insula showing significant differences in habitual entrepreneurs relative to managers. The insula is depicted in green. Red represents increased connectivity, and blue represents decreased connectivity in habitual entrepreneurs as compared to managers. False-discovery rate corrected p\.05.
pinnacle of brain evolution in humans (Koechlin, 2011) and is often described as subserving executive control and decision-making (i.e., the selection and coordination of goaldirected behavior; Domenech & Koechlin, 2015). Studies have shown that frontopolar cortex activity predicts effective switching between exploratory and exploitative decisionmaking (Daw et al., 2006; Domenech & Koechlin, 2015).
Our results are also in line with studies reporting that the right insula plays a role in cognitive flexibility and executive processing, acting as a gatekeeper of executive control (cognitive flexibility being one of three functions, along with updating and inhibiting) (Molnar-Szakacs & Uddin, 2022). Furthermore, Hodgson et al. (2007) showed that patients with a lesion in the right insula are most impaired in altering their behavior when the rules of a task change. In another study, Sridharan et al. (2008) showed that the right insula is likely to play a significant role in switching between distinct brain networks. This insular-prefrontal cortical connectivity could be a critical neural correlate in moving an individual toward more flexible/adaptable (vs. more stable) cognitive control. Such connectivity could help individuals adopt flexible behavior that has been associated with, for example, entrepreneurial effectuation cognition (Chandler et al., 2011; Smolka et al., 2018; Yang et al., 2019).
The anti-correlation between the right insula and the cluster covering the precuneus and cingulate gyrus means that the activity in these regions is inversely related to the activity of the seed. However, it is important to note that there is ongoing debate about whether observed anti-correlations are valid neurophysiological findings or analytical artifacts. Some studies suggest that anti-correlation results may be due to global signal regression, a technique used to remove noise from fMRI data. Scholars are advised to be cautious when interpreting anti-correlation results, especially when using global signal regression. While the CompCor method, as implemented in CONN, does not rely on global signal regression and is believed to yield valid anti-correlations, we nevertheless refrained from interpreting these anti-correlation results.
Our illustration of seed-based correlation indicates that habitual entrepreneurs differ from managers in their functional connectivity between brain regions associated with cognitive flexibility and switching between exploratory and exploitative decision-making. This illustration is the first to show that seed-based correlation using rs-fMRI data can help improve knowledge about what distinguishes entrepreneurs from others.
Future Research Directions
We are just beginning a fascinating journey. It is important to note that neuroentrepreneurship is still in its early stages, so more research is needed to fully understand the neural basis of the entrepreneurial brain. The illustration in our methodological brief opens many interesting research avenues. First, to further our understanding of the entrepreneurial brain, it would be beneficial to conduct replication studies and investigate other seed regions associated with different constructs related to entrepreneurship, such as creativity, risk-taking, impulsivity, and opportunity-seeking. Looking at different aspects and comparing the results across studies would help extend our knowledge. Second, triangulating rs-fMRI studies (and data) with behavioral tasks or psychometric measurements performed outside the scanner could provide more ecologically valid assessments of the entrepreneurial brain and better reflect real-life situations that entrepreneurs face, thereby providing improved understanding of the relationship between neural activity and entrepreneurial behavior. Third, brain regions work as a whole network (van den Heuvel & Hulshoff Pol, 2010). Accordingly, we recommend more graph-theory methods for analysis of rs-fMRI focusing on brain network organization, such as integration, segregation, and network responsivity—work here would provide further insights into a more integrative view of entrepreneurs’ brains. Fourth, rs-fMRI is a rapidly developing field with new analytical techniques being introduced regularly. Different methods of analysis need to be used, and replicated, to provide a more comprehensive understanding of the entrepreneurial brain. Fifth, it is important to note that each neuroimaging technique has its own strengths and weaknesses. Combining rs-fMRI with task-based electroencephalography (EEG) and/or fMRI could lead to a more thorough understanding of the brain. However, on one hand, EEG allows researchers to study neural activity on a very fine timescale (on the order of milliseconds). Thus, on the other hand, fMRI has a lower temporal resolution (on the order of seconds) but offers a high spatial resolution, allowing for the study of neural activity in specific brain regions. Combining these methods allows researchers to study neural activity both at specific times and in specific regions (task based) of the brain. Such holistic approaches, while more complex and requiring strong expertise, may again increase our understanding of the entrepreneurial brain and increase the reliability of results. Finally, one area for which rs-fMRI is particularly well suited is longitudinal studies. Longitudinal studies could help reveal the antecedents of the observed differences in functional connectivity. Are they born or made? In light of the importance of neuroplasticity—the brain’s ability to change and adapt through experience—our methodological brief establishes a foundation for studying the effects of experience and/or specific entrepreneurial and cognitive training and practices (e.g., effectuation and Lean Startup) on the functional connectivity of the brain. Indeed, rs-fMRI could help neuroentrepreneurship researchers identify differences in functional connectivity and causal relationships associated with experience because it assesses neural activity at rest, which can be less affected by task-specific factors and thus provides a more stable measure of neural activity over time.
Challenges for Future Adoption
Despite the potential of rs-fMRI as a method to enhance the translation of fMRI neuroimaging studies to entrepreneurship, several challenges that may impede the adoption of this method remain.
Broad Range of Disciplines
Becoming more holistic is methodologically complex since it requires a broad range of disciplines. To put it simply, rs-fMRI data acquisition, processing, and analysis require—as with all MRI neuroimaging studies—dealing with the challenges of mixing a wide range of research areas, including (1) computer programming; (2) MRI-related physics; (3) experimental task and design; (4) data acquisition; (5) knowledge of the brain, neurophysiology, and biophysics; (6) signal and image processing; and (7) probability, statistics, and general linear modeling approaches used in most fMRI data analyses (Poldrack et al., 2011; Savoy, 2012). For example, our research project involved eight scholars across disciplines (including entrepreneurship) and the engagement of hospital staff and equipment. Even though our collaboration is not the current norm in the field, it should be the aspired standard if the area of inquiry related to neuroentrepreneurship is to progress. In Appendix B, we provide a non-exhaustive list of tools, workshops, and tutorials that might help aspiring scholars in neuroentrepreneurship get a sense of the field and develop some of the most important skills, and collaborations, along the way.
Sample Size
Due to the costs of fMRI acquisition, neuroimaging sample sizes are much smaller than those reported in classical empirical studies in entrepreneurship. We recognize that the sample sizes used routinely in fMRI studies tend to have low statistical power and thus poor replicability (Button et al., 2013; Dubois & Adolphs, 2016). Consequently, we recommend researchers compensate for small sample sizes by using rigorous and conservative statistical analyses; using a robust and conservative approach is critical to avoid false positives. We encourage researchers to use methods like controlling the FDR, as illustrated in the present methodological brief. Furthermore, it is important to restrict to a small number of seeds to avoid ‘‘selecting hypothesized areas after results are known’’ (also known as SHARKing), as referred to by Poldrack et al. (2017). Such restriction is important because it is always possible to find a justification for a study’s outcome based on previously published studies. Ideally, results from such exploratory analyses should be confirmed in an independent validation dataset and replicated to ensure their robustness and reliability.
Furthermore, reaching a sample size of more than 100, especially for a well-defined study group like habitual entrepreneurs, is challenging but not impossible with multi-site collaboration. Such an approach was pioneered by the 1,000 Functional Connectomes Project by making datasets freely available to the research community (Biswal et al., 2010). We thus encourage scholars interested in applying rs-fMRI data analysis in neuroentrepreneurship to participate in open-access data sharing moving forward.
Generalization of Results
Compared to task-based fMRI, one of the benefits of rs-fMRI is that the method allows researchers to set up replication studies and collect larger datasets by conducting studies across different institutions since measures can be acquired consistently. However, despite their significance for expanding understanding, replication studies often face difficulty getting published in academic journals since the academic community tends to put greater emphasis on novelty rather than replicating established findings. Fortunately, some journals in entrepreneurship have organized special issues dedicated to replication studies, and it is commendable that journals like Entrepreneurship Theory & Practice and Academy of Management Discoveries now have a format for publishing replication studies (Crawford et al., 2022). We encourage researchers interested in such directions to follow the best practices for reproducible neuroscience (Poldrack et al., 2017) and entrepreneurship (Crawford et al., 2022; van Witteloostuijn et al., 2021) research.
Ethical Considerations
Like for other technologies, such as artificial intelligence, ethical concerns cannot be excluded from the conversation. The desire to ‘‘read minds’’ raises ethical concerns and fears. Could neuroscience and neuroimaging techniques help pick the ‘‘best’’ or ‘‘worst’’ entrepreneurial brains? Indeed, answering this question might attract recruiters, investors, and venture capitalists. We acknowledge that some individuals expressed such concerns when we started our research. Fortunately, this debate has already been launched in the field of neuroscience with the creation of the International Neuroethics Society, which recently celebrated its 15th anniversary with the mission ‘‘to encourage and inspire research and dialog on the responsible use of advances in brain science.’’7 These concerns, among others, are indeed debated inside the young neuroimaging community, and neuroentrepreneurship scholars should contribute to these discussions.
Conclusion
In this methodological brief, we showed for the first time how resting-state fMRI measurements could help researchers in our field examine the entrepreneurial brain. We hope our work aids in advancing the burgeoning literature in neuroentrepreneurship and encourages researchers to apply neuroscience-based approaches to better understand the entrepreneurial brain. As Martin de Holan (2014) argued, the lack of studies on actual entrepreneurs’ brains is surprising given that entrepreneurial thinking is one of the most important aspects of the entrepreneurial process. The significant advancements in neuroscience research and fMRI technologies present a great opportunity for the field of entrepreneurship. They provide a foundation for the emerging field of neuroentrepreneurship through a multidisciplinary approach of knowledge accumulation. However, embracing neuroscience-based methods requires significant re-tooling (Nicolaou & Shane, 2014) and a paradigm shift in the way we, as scholars, think about and study entrepreneurship. We believe rs-fMRI is a good starting point to continue this fascinating journey to discover more about entrepreneurs’ brains. We hope our methodological brief facilitates such exploration.
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Notes
1. The 1,000 Functional Connectomes Project is a large-scale effort to study the functional connectivity of the human brain. The project is focused on exploring how differences in connectivity may relate to differences in cognitive function and behavior, and to identify new insights into the underlying mechanisms of brain function. Overall, data independently collected across 33 sites are available at http://fcon_1000.projects.nitrc.org/
2. Please note that the rs-fMRI field is rapidly evolving, and the number of new analytical methods isregularly expanding (for more details, see Cole et al., 2010; van den Heuvel & Hulshoff Pol, 2010).
3. A voxel is the three-dimensional equivalent of a pixel. fMRI image is composed of such cubes;each of them contains a single value representing the brain activity measured at that voxel.
4. Singularity is a container technology that enables the creation, deployment, and execution of isolated, reproducible, and portable software environments. Unlike traditional container technologies such as Docker, Singularity does not rely on a host operating system and does not require root access. Instead, it runs directly on the host kernel and provides a user-friendly interface for managing containers. With Singularity, users can package their entire software stack, including libraries, dependencies, and applications, into a single, self-contained container, making it easy to share and reuse software across different systems and environments. This can improve reproducibility and simplify the process of setting up complex software stacks such as the one used for fMRI and rs-fMRI data analysis. We recommend this approach especially for users who are not familiar with the underlying system software and configuration.
5. We recruited participants from an online survey measuring entrepreneurial mindset. All individuals who took the online survey were invited to participate. Participants were invited by email and were enrolled after they completed a voluntary application and reviewed the participation requirements. Final participant selection was done following the inclusion/selection criteria provided in Table 2.
6. Future research needs to consider different ways to operationalize ‘‘habitual entrepreneurs.’’ Forexample, using a cutoff point at two ventures (as opposed to our cutoff of three) or comparing entrepreneurs who had started one or two ventures with those who had started three or more would be valuable (e.g., Baldacchino, 2013; Carland et al., 2000; Dew et al., 2009). Thanks to one of our anonymous reviewers for insights here.
7. https://www.neuroethicssociety.org/.
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