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1.	Introduction
A burgeoning body of research explores the relationship between cognitive flexibility and entrepreneurship. In particular, studies have found positive associations between cognitive flexibility and both entrepreneurial intentions and alertness (Dheer and Lenartowicz, 2019; Jiatong et al., 2021). Similarly, Shepherd (2015) also emphasized the importance of cognitive flexibility for the initiation and progression of entrepreneurial ventures. Studies have also shown that cognitive flexibility contributes to increases in creativity, innovativeness, and information-search activities (Kiss et al., 2020), among others. Taken together, this corpus of research provides evidence of the relevance of cognitive flexibility in entrepreneurship, where the ability to adapt, switch between different concepts, and change strategies is critical.
Although there is converging evidence that cognitive flexibility is positively associated with entrepreneurial intentions (Dheer and Lenartowicz, 2019) and alertness (Jiatong et al. (2021), most studies have been conducted on student samples, leaving the postinten- tion outcomes largely unexplored. Specifically, there is a gap in understanding how cognitive flexibility differs between habitual en- trepreneurs and their less experienced or nonentrepreneurial counterparts.
Habitual entrepreneurs, who repeatedly launch new ventures either simultaneously (portfolio entrepreneurs) or sequentially (ser- ial entrepreneurs), represent a widespread and significant phenomenon (Ucbasaran et al., 2008). Despite researchers’ interest in ha- bitual entrepreneurs, particularly their cognitive styles (Baron and Ensley, 2006), opportunity recognition (Ucbasaran et al., 2009), growth expectations (Westhead et al., 2005), and superior economic outcomes (Toft-Kehler et al., 2014), little is known about their cognitive flexibility. Filling this gap is important for advancing both theoretical knowledge and practical applications in entrepre- neurship since cognitive flexibility is likely paramount to navigate uncertainty and achieve repeated venture creation.
Given their repeated experiences of launching new ventures, habitual entrepreneurs are also of particular interest for advancing the relatively new field of neuroentrepreneurship. Indeed, in the captivating realm of neuroscience, brain plasticity—the brain's ca- pacity to reorganize its structure and functions in response to experiences—has emerged as a compelling demonstration of the brain's adaptable nature. For instance, studies on London cab drivers have shown that their extensive training and experiences with navigat- ing city streets are reflected in larger posterior hippocampal volume, which is closely associated with spatial navigation (Maguire et al., 2000). Similarly, Draganski et al. (2004) showed increased density in the visual motion area of the brain in people learning to jug- gle. Similar findings have been reported with musicians (Bermudez et al., 2009; May, 2011; Zatorre et al., 2012). Although the notion that experiences can reshape the brain's structure is well documented across various fields, it remains unexplored in the realm of ex- perienced entrepreneurs like habitual entrepreneurs.
Based on the above, we hypothesize that there is a potential link between habitual entrepreneurship and heightened cognitive flexibility. More particularly, we hypothesize that cognitive flexibility in habitual entrepreneurs is higher compared to that in less ex- perienced entrepreneurs and nonentrepreneurs. We further propose that this difference in cognitive flexibility is potentially associ- ated with structural changes in the brain in experienced entrepreneurs like habitual entrepreneurs.
Our findings are based on two studies: one using self-reported measures of cognitive flexibility, and the second using structural Magnetic Resonance Imaging. First, our study provides evidence that habitual entrepreneurs exhibit higher levels of cognitive flexi- bility compared to less experienced entrepreneurs and nonentrepreneurs. Second, our study identifies a neural correlate of cognitive flexibility, which opens new avenues for the nascent field of neuroentrepreneurship (Baron and Ward, 2004; Kaffka and Krueger, 2018; Martin de Holan, 2014; Massaro et al., 2020; Nofal et al., 2018). These studies contribute to the literature by providing deeper insights into the cognitive abilities of habitual entrepreneurs. Building on these results, our exploration of the brain anatomy of habit- ual entrepreneurs opens all sorts of interesting questions. For example, do early experiences in entrepreneurship lead to changes in the brain that can promote habitual entrepreneurship later in life?

2.	Methods
We applied a two-step methodology. First, we used self-report measures of cognitive flexibility in questionnaires administered on- line. Second, we complemented our results by utilizing the same sample as Ooms et al. (2024), who demonstrated how seed-based resting-state functional connectivity complements task-based functional magnetic resonance imaging (fMRI) studies in neuroentre- preneurship. In contrast, our study employs voxel-based morphometry (VBM) to provide precise measurements of gray matter, which is essential for processing information in the brain and is characterized by its grayish color from nerve cell bodies and their connec- tions. While fMRI captures snapshots of the brain's functions, VBM provides a static measure of the brain's structure that can be very useful in studies aimed at observing changes over time due to experiences, training, aging, or disease progression. Furthermore, this method does not require performing a task in the scanner, making it easier to implement. These benefits make VBM particularly suit- able for the hypotheses explored in this study.
2.1.	Dataset 1
2.1.1.	Sample
The sample for Dataset 1 (N = 727) was collected between September 2020 and December 2020 as part of a larger study on the entrepreneurial brain. Overall, 403 entrepreneurs (34.5% female) and 324 managers (27.2% female) responded to an online study. To distinguish entrepreneurs from habitual entrepreneurs, we used the following screening question: “How many businesses have you founded?” (0 [only takeovers], 1, 2, 3, 4, ≥5). We refer to habitual entrepreneurs as founders who have launched at least three busi- nesses sequentially (i.e., serial entrepreneurs) or have launched and concurrently run at least three businesses (i.e., portfolio entrepre- neurs) (Dew et al., 2009). Further, we define managers as individuals with no entrepreneurial experience, no experience working in a startup, and no intentions to start a business.
2.1.2.	Measures
We assessed cognitive flexibility using Martin and Rubin's (1995) scale, which has demonstrated high predictive validity and relia- bility (Dheer and Lenartowicz, 2019). Respondents indicated their level of agreement with questions with anchors ranging from 1 (“strongly disagree”) to 7 (“strongly agree”). The scale indicated a two-factor model with one dimension comprising items related to divergent-thinking cognitive flexibility (CF_DT) and the second comprising items related to decision-making cognitive flexibility (CF_DM). The model demonstrated excellent fit indices (robust χ2 = 13.32; df = 19; p = .82; CFI = 1.00; TLI = 1.04; RM- SEA = 0.00; SRMR = 0.028). For more details see Appendix A.
2.2.	Dataset 2
2.2.1.	Sample
We invited the participants of the online survey to engage in a follow-up study, and 40 French-speaking participants were enrolled in the MRI study.[footnoteRef:1] Of these, 23 were habitual entrepreneurs (i.e., individuals who had launched at least three businesses; mean age = 49; SD = 8) and 17 were managers (mean age = 42; SD = 8). The study was approved by the ethics committee, and all par- ticipants signed informed consent forms. [1:  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. Furthermore, participant selection was done following the inclusion/selection criteria provided in Appendix B.
] 

2.2.2.	Image acquisition and MRI analysis
Structural magnetic resonance images were obtained from a 3T Siemens MAGNETOM® Vida MRI scanner (Siemens Medical Solu- tions, Germany) using a 20-channel head. Participants had no history of neurological disorder, cognitive disability, or medication that would affect the central nervous system (see Appendix B for more details on our MRI data acquisition and analysis).
3.	Results
3.1.	Dataset 1: between-group differences in cognitive flexibility
The entrepreneurs scored significantly higher (compared to the managers) both in the dimension of cognitive flexibility associated with divergent thinking/creativity (CF_DT) (t1,694 = −4.336, p < 0.001, d = −0.331, 95% [−0.482, −0.179]) and in the dimension of cognitive flexibility associated with decision-making (CF_DM) (t1, 694 = −5.47, p < 0.001, d = −0.417, 95% [−0.570, −0.264]). In these analyses, we controlled for both gender and age.
Next, we conducted additional analyses of variance to compare habitual entrepreneurs with entrepreneurs and managers. The re- sults (Table 1) indicate that differences in cognitive flexibility between these subgroups are significantly different when both dimensions are considered (CF_DT: F = 16.295, p < 0.001, η2 = 0.045; CF_DM: F = 21.859, p < 0.001, η2 = 0.0.59). Our findings using both dimensions of the cognitive flexibility scale further indicate that habitual entrepreneurs scored higher compared to entrepre- neurs and managers.
3.2.	Dataset 2: between-group differences in brain gray matter volume
We conducted t-test analyses to avoid the influence of potential confounding variables, such as age and overall brain tissue vol- ume. We employed Bayesian statistics for our analysis since these methods are known to better accommodate a reduced sample over frequentist methods (Andraszewicz et al., 2015; Kruschke and Liddell, 2018; McNeish, 2016). No statistically significant differences in age, total tissue volume, gray matter volume, white matter volume, or cerebrospinal fluid volume were found between the two groups (Table 2). Consistent with Study 1, significant differences were observed between managers and habitual entrepreneurs (Table 2).
Table 1
Post hoc comparisons between the entrepreneur and manager subgroups for divergent-thinking (CF_DT) and decision-making (CF_DM) cognitive flexibility.
	Tukey Post Hoc Test—CF_DT
	

	
	
	Managers
	Habitual Entrepreneurs
	

	Entrepreneurs
	Mean difference
	0.104a
	−0.197b
	

	
	t-value
	2.63
	−3.67
	

	
	df
	693
	693
	

	
Managers
	p-value
Mean difference
	0.024
–
	<0.001
−0.301b
	

	
	t-value
	–
	−5.67
	

	
	df
	–
	693
	

	
	p-value
	
	<0.001
	

	Tukey Post Hoc Test—CF_DM
	
	
	
	

	
	
	Managers
	Habitual Entrepreneurs
	

	Entrepreneurs
	Mean difference
	0.138b
	−0.186b
	

	
	t-value
	3.70
	−3.64
	

	
	df
	
	693
	

	
Managers
	p-value
Mean difference
	
	<0.001
−0.324b
	

	
	t-value
	
	−6.43
	

	
	df
	
	693
	

	
	p-value
	
	<0.001
	

	**p < 0.01.
	
	
	
	

	[bookmark: _bookmark8]a p < .05.
	
	
	
	

	[bookmark: _bookmark9]b p < .001.
	
	
	
	




[bookmark: _bookmark10]Table 2
Participants’ demographics and morphological data characteristics.
	Variables
	Man. Mean
	SD
	Habitual Ent. Mean
	SD
	t
	df
	p
	BF10

	N (women)
	17 (3)
	
	23 (2)
	
	
	
	
	

	Age (years)
	42.4
	8
	49
	8.1
	−1.993
	29.685
	0.055
	1.468

	Total tissue volume (cm3)
	1579.3
	159.2
	1647.9
	116.2
	−1.645
	22.518
	0.114
	0.924

	Gray matter volume (cm3)
	619.5
	55.8
	630.2
	45.4
	−1.313
	24.752
	0.201
	0.642

	White matter volume (cm3)
	560.6
	78.8
	595.3
	54.0
	−1.722
	20.595
	0.1
	1.017

	Cerebrospinal fluid (cm3)
	397.7
	68.9
	420.7
	70.2
	−0.746
	27.377
	0.462
	0.412

	Divergent thinking
	−0.208
	0.402
	0.232
	0.295
	−3.258
	23.138
	0.003*
	14.091

	Decision-making
	−0.335
	0.567
	0.24
	0.365
	−3.313
	20.401
	0.003*
	15.805




VBM analysis showed a significant increase in gray matter volume in the left insula (puncorrected < 0.001, cluster size > 50) of ha- bitual entrepreneurs compared to managers. We confirmed these results after small volume correction and found that they remained robust after controlling for age and total intracranial volume as potential confounders (Fig. 1 left, Table 3).
We performed a correlation analysis of gray matter volume and cognitive flexibility scores, which revealed a significant positive correlation. When we applied biweight midcorrelation—a method more robust to outliers compared to Pearson correlation (Wilcox, 2012)—a significant correlation was maintained only with the divergent-thinking dimension (r = 0.380, p < 0.05, power = 0.69) (Fig. 1 right). The correlation with the decision-making dimension did not withstand this more conservative analysis.

4.	Discussion
Our first study revealed that habitual entrepreneurs have increased cognitive flexibility compared to less experienced entrepre- neurs and managers. These results align with the findings of (Lawrence et al., 2008) and expand the scope of cognitive flexibility be- yond entrepreneurial intentions. Based on these findings, we next integrated the self-reported data with brain imaging measures. This not only bolsters the objectivity of Study 1's findings but also complements them, thereby enriching our understanding of habitual en- trepreneurship and the mindset of entrepreneurs. This combined approach allows us to cross-validate our results, reducing potential biases inherent in self-reported data and providing a more holistic view of the cognitive and neural mechanisms underlying entrepre- neurial behavior. By doing so, we can offer more reliable insights that are grounded in both subjective experiences and objective bio- logical evidence, strengthening the overall validity and impact of our study.
Our second study showed an increase in gray matter volume in the left insula of habitual entrepreneurs compared to managers, a difference that survived after small volume correction and after controlling for age and total intracranial volume. This increase posi- tively correlates with the divergent-thinking dimension of the cognitive flexibility scale, aligning with recent neuroimaging studies that have identified activation of the left insula during creative processes and divergent thinking (Benedek et al., 2014; see also Ellamil et al., 2012). Complementing these findings, De Aquino et al. (2019) demonstrated activation of the left insula during musical improvisation, while Heinonen et al. (2016) showed its activation during nonverbal idea generation, suggesting the insula's role in fa- cilitating the central executive and default mode networks in activating idea generation. In their article, Heinonen et al. (2016) sug- gested that the lateral dominance of insula activation is contingent upon the verbality or nonverbality of the task, with their results lending further support for the association of the left insula with nonverbal idea generation. A recent coordinate-based meta-analysis (i.e., activation likelihood estimation) confirmed this hypothesis, demonstrating insula activation predominantly in the left hemi- sphere in nonverbal creative tasks (Gonen-Yaacovi et al., 2013). However, caution is required since we merely scratch the surface of the vast complexities of the entrepreneurial brain. The results presented herein beckon further scrutiny and validation; yet our study
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Fig. 1. (Left) Increase in gray matter volume in the left insula in habitual entrepreneurs compared to managers. Significant clusters are shown on the brain template. The color bar illustrates the corresponding t value. (Right) Correlation plots of left insula gray matter density and the normalized score for divergent thinking. The shaded area represents a 95% confidence interval around the regression line.
Table 3
Brain regions that survived after small volume correction.
	p-FEW (Small Volume Correction)
	t
	x y z
	Voxel
	Brain Regions

	0.002
	4.8
	−32 18 9
	879
	Left insula left

	
	
	
	302
	Left inferior frontal triangular

	
	
	
	109
	Left inferior frontal operculum




demonstrates that combining self-reported measures with structural MRI can provide deeper insights into the psychological and neural underpinnings of entrepreneurial experience.
By demonstrating that habitual entrepreneurs exhibit higher cognitive flexibility, which is associated with anatomical changes in the brain, we deepen our understanding of how cognitive processes may differ across various levels of entrepreneurial experience. This differentiation offers implications for educators, and organizations interested in fostering entrepreneurship and innovation. Knowing that cognitive flexibility is higher in habitual entrepreneurs can inform the design of targeted training and educational pro- grams aimed at enhancing this ability in novice and less experienced entrepreneurs. Assessment tools to identify the impact of such training and to identify individuals with high cognitive flexibility as potential entrepreneurs could ultimately lead to more effective ventures.
Our findings also have implication for organizations. The observed differences in cognitive flexibility between entrepreneurs and managers emphasize the need for identifying and cultivating this ability in the ranks of managers. Prioritizing cognitive flexibility could lead to ambidextrous organizations, thereby contributing to more disruptive innovation, economic growth, and competitive ad- vantages (O'Reilly and Tushman, 2013).
Finally, our brain imaging results advance the relatively new field of neuroentrepreneurship and open new avenues to study the neural correlates of cognitive flexibility, which could potentially aid in further understanding how individuals identify, explore, and exploit entrepreneurial opportunities (Shane and Venkataraman, 2000). Future studies are needed to formally explore this possibility. In view of our results, a crucial question arises and awaits substantiation: are the greater cognitive flexibility and anatomical dif- ferences we observed, the result of a predisposition to entrepreneurship or a consequence of the cerebral plasticity resulting from en- trepreneurial experience? The potential adaptation and rewiring of habitual entrepreneurs’ brains opens all sort of interesting ques- tions. For example, do early experiences in entrepreneurship lead to changes in the brain that can promote habitual entrepreneurship later in life? Do the brain differences associated with the neural correlates of cognitive flexibility and habitual entrepreneurs lead to enhanced creativity, innovation, decision-making, or resilience (i.e., reentry)? For what types of habitual entrepreneurship do these findings hold (e.g., creation vs. acquisition, self-employment vs. cofounding, success vs. failure)? These are just some of the questions
that could be explored in the future.
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Appendix A. Cognitive Flexibility Scale Details2
We performed exploratory factorial analysis (EFA) and confirmatory factorial analysis (CFA) to assess the psychometric properties of the scale. We randomly split the dataset into two halves to perform the EFA and CFA separately. The evaluation dataset used for EFA consisted of n = 363 participants, and the validation dataset used for CFA consisted of n = 364 participants. We conducted the analyses with the R programming language (version 4.03, R Core Team, 2020) and used the psych and lavaan packages for the psychometric analyses (Revelle, 2020; Rosseel, 2012). Further, we used Bartlett's test of sphericity to ensure the correlation matrix was not random (χ2 = 134.02; df = 11; p < 0.001), and the Kaiser-Meyer-Olkin measure of sampling adequacy achieved a value of 0.81. These analyses indicated that strong factorability was feasible for EFA. For the EFA, we used an oblimin rotation with the minimum residual factoring method based on Pearson correlation. The EFA results revealed a two-factor solution with a cumulative variance of 29.4%. Based on these results, we conducted a two-factor correlated CFA model with 12 items. We used a robust maximum likelihood estimator in the CFA model due to the items being nonnormal. Four items were removed during the CFA analysis due to low factor loadings (Table A1). We assessed the model's goodness of fit based on the recommendations provided by Hu and Bentler (1999). Dimension 1 comprises items that showed high factor loadings related to divergent-thinking cognitive flexibility (CF_DT), and Dimen- sion 2 comprises items related to decision-making cognitive flexibility (CF_DM). The correlation between both constructs was r = 0.56. The factor loadings are reported in Table A2. The Cronbach's alpha for the scale was 0.70.
We performed multigroup CFA based on the final eight items to evaluate three levels of invariance—that is, configural, metric, and scalar (Cheung and Rensvold, 2002; Davidov, 2008; Steenkamp and Baumgartner, 1998)—between the two subpopulations of managers (n = 308) and entrepreneurs (n = 388). Participants who had extreme and systematic responses (n = 31) were removed from further analysis. According to a chi-square difference test, we found no significant differences between the nested groups. Based on the Akaike information criteria (AIC) and Bayesian information criteria (BIC) values, the scalar model had the lowest AIC and BIC relative to the other nested models, indicating that scalar invariance held across both groups (Table A3). Thus, we directly compared the latent factor means between both groups (managers vs. entrepreneurs). The comparisons between both groups were made possi- ble by setting the latent factor mean of the entrepreneur group (reference) to zero and allowing the manager group to be freely esti- mated. Our analysis revealed that the latent factor means of CF_DT and CF_DM for managers were significantly lower than those for entrepreneurs (CF_DT = −0.193, p < 0.01; CF_DM = −0.293; p < 0.001).
There were no significant differences between the scores of women versus men on either dimension (t = −1.119; p > 0.05; CF_DT – t = −0.637, p > 0.05; CF_DM). In our analysis, we also controlled for age, which had no influence on the results.
Table A1
Cognitive flexibility items
Measurement Items	Construct

1. I can communicate an idea in many different ways.	CF_DT
2. I avoid new and unusual situations. (R)	CF_DM
3. I feel like I never get to make decisions. (R)	CF_DM
4. I can find workable solutions to seemingly unsolvable problems.	CF_DT
5. I seldom have choices when deciding how to behave. (R)	CF_DM
6. I am willing to work at creative solutions to problems.	CF_DT
7. In any given situation, I am able to act appropriately.
8. My behavior is a result of conscious decisions that I make.
9. I have many possible ways of behaving in any given situation.
10. I have difficulty using my knowledge on a given topic in real-life situations. (R)	CF_DM
11. I am willing to listen and construct alternatives for handling a problem.	CF_DT
12. I have the self-confidence necessary to try different ways of behaving.
Note: Selected items in bold. (R) indicates reverse-scored items.

Table A2
Factor loadings of the CFA model
	Items
	Factor 1 (CF_DT)
	Factor 2 (CF_DM)

	Item 1
	0.57
	–

	Item 4
	0.51
	–

	Item 6
	0.69
	–

	Item 11
	0.48
	–

	Item 2
	–
	0.51

	Item 3
	–
	0.62

	Item 5
	–
	0.41

	Item 10
	–
	0.45


Note: Factor 1 = divergent thinking, Factor 2 = decision making.


Table A3
Comparison of the fit indices of the nested models
	Models	χ2	df
	Δχ2
	Δdf
	p
	CFI
	TLI
	RMSEA
	SRMR
	AIC
	BIC

	Configural
	56.522
	38
	
	
	
	0.97
	0.96
	0.04
	0.036
	16510
	16737

	Metric
	69.062
	44
	10.98
	6
	0.09
	0.96
	0.95
	0.04
	0.043
	16510
	16710

	Scalar
	77.941
	50
	8.84
	6
	0.18
	0.955
	0.95
	0.04
	0.046
	16507
	16680


Note: χ2 = chi-square, df = degrees of freedom, Δχ2 = chi-square difference, Δdf = degrees of freedom difference, AIC = Akaike information criteria, BIC = Bayesian information criteria, RMSEA = root mean square error of approximate, SRMR = standardized root mean square residual, CFI = comparative fit index. A ro- bust correction was made to the raw chi-square difference as the estimator is based on robust maximum likelihood.


Appendix B. Voxel Based Morphometry Study
Sample inclusion criteria for managers and habitual entrepreneurs.

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 startups. Made decisions related to human resources, finance, intellectual property, legal, or marketing.
Worked for at least three years inside the company as a manager.
Had no previous experience as an entrepreneur nor experience working on a startup project before the study.

MRI acquisition
We applied the following specifications to acquire the structural 3D T1-weighted MP2RAGE3 images: repetition time = 2500 ms, echo time = 2.27 ms, voxel size = 1.0 × 1.0 × 1.0 mm3, flip angle = 12°, field of view = 256 × 256 mm2, and multislice mode. We then converted DICOM images to NIFTI format using MRIConvert.4 Each image was manually aligned to the anterior commissure to decrease variability and was registered to the Montreal Neurological Institute stereotactic space. These steps were the starting point for the spatial normalization we performed afterward, which attenuates intersubject variability in the shape of the brain in the further analysis.
Data analysis
After preprocessing the images, we conducted VBM (Ashburner and Friston, 2000) using the CAT12 toolbox5 in SPM126 (www.fil.ion.ucl.ac.uk/spm) to examine the group differences in gray matter volume between managers and habitual entrepreneurs. We segmented the images into gray matter, white matter, and cerebrospinal fluid using the standard segmentation module of CAT12 (https://neuro-jena.github.io/cat12-help/) (Gaser et al., 2022; Haynes et al., 2020). We used the following parameters in the segmen- tation module of CAT12: SPM default tissue probability maps, medium-strength inhomogeneity correction as the MRI data are from healthy subjects, 1 mm resampling for preprocessing, and white matter hyperintensity correction. After segmentation, we spatially normalized the images using DARTEL templates. We then smoothed the modulated normalized gray matter images with an 8 mm full- width half-maximum isotropic Gaussian kernel. Last, we calculated total intracranial brain volume from each participant's gray mat- ter, white matter, and cerebrospinal fluid.
Next, we modeled a full factorial generalized linear model design to assess group-level differences using a two-sample t-test for the entrepreneur and manager groups. We included unequal independent variance, total intracranial volume, and the age of each subject as covariates in the design and then investigated group differences in gray matter volume with a t-contrast. The results were consid- ered significant at uncorrected p < 0.001 with small volume cluster correction. We corrected the small cluster correction with a false discovery rate of p < 0.05 (Kim et al., 2007), and we labeled region names according to the anatomical automatic labeling atlas ver- sion 3 (Rolls et al., 2015).
In the next step, we extracted the mean signal intensities on regions that showed significant differences in gray matter volume be- tween the two groups. In particular, we used marsbar by growing a 5 mm diameter around the reported local maxima to examine the relationship between brain volume and the cognitive flexibility scale dimensions. We conducted our statistical analysis using the Pin- gouin Python library to analyze the nonimaging data (Vallat, 2018), and we correlated the mean signal intensities of significant gray matter regions with cognitive flexibility using Pearson correlation. The correlation was considered significant at p < .05.
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Glossary
T1-Weighted Imaging: In T1-weighted MRI scans, the image contrast (difference in signal intensity) between different tissues is primarily due to differences in their T1 relaxation times
MP2RAGE: stands for “Magnetization-Prepared 2 Rapid Acquisition Gradient Echoes.” It is an MRI sequence used for generating high-resolution, high-contrast images of the brain. This technique is particularly useful for visualizing brain structures and lesions with improved contrast compared to conventional MRI methods.
MP2RAGE is often used in neurological and neuroscientific research for detailed brain imaging
DICOM: stands for “Digital Imaging and Communications in Medicine.” It is a standard for storing, transmitting, and handling medical imaging information and related data. It has been widely adopted by hospitals and is crucial for the interoperability of different types of medical imaging equipment and systems, allowing for the efficient exchange and storage of medical images and related information
NIFTI: stands for “Neuroimaging Informatics Technology Initiative.” It is a file format used particularly in the field of medical imaging for storing brain imaging data, such as MRI or fMRI scans. This format is favored in neuroimaging research due to its flexibility and compatibility with a variety of software tools used for processing and analyzing brain imaging data
DARTEL: stands for “Diffeomorphic Anatomical Registration Through Exponentiated Lie Algebra.” It is an advanced algorithm used in neuroimaging for the registration, or alignment, of brain images. This technique, developed by John Ashburner, is particularly effective in analyzing structural brain images and is known for its accuracy in morphometric studies, such as VBM
SPM: stands for “Statistical Parametric Mapping.” It is a software package designed for the analysis of brain imaging data sequences. The software is developed by the Wellcome Centre for Human Neuroimaging at University College London and is used for the preprocessing, statistical analysis, and visualization of brain imaging data, helping researchers understand brain activity and structure in both health and disease
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