Supplementary Methods
Impulsive Personality Trait GWAS
	Genotyping, Imputation, and Quality Control. Genome-wide association study (GWAS) summary statistics for impulsive personality trait (IPT) phenotypes were obtained from three primary sources: the UK Biobank (UKB; Bycroft et al., 2018), direct-to-consumer genetics company 23andMe, Inc. (Sunnyvale, CA), and a meta-analytic sample comprised of the Northern Finland Birth Cohort, the Cardiovascular Risk in Young Finns Study, the Helsinki Birth Cohort Study, and the Australian twin registry which were provided upon request for additional IPT phenotypes (Service et al., 2012). 
Briefly, 23andMe samples were genotyped using Illumina (San Diego, CA) platforms (Illumina HumanHap550+ Bead chip V1 V2, OmniExpress+ Bead chip V3, Custom array V4). Following quality control (QC) procedures (e.g., call rate > 95%, Hardy–Weinberg equilibrium [HWE] P < 1 × 10−20, restriction to unrelated individuals using identity-by-descent [IBD] approaches), genotypes were imputed against Phase 1 v3 of 1000 Genomes Project haplotypes (The 1000 Genomes Project Consortium, 2010) using Minimac2 (Fuchsberger, Abecasis, & Hinds, 2015). Imputation resulted in > 9 million high-quality SNPs (r2 ≥ .5) for association analyses of each trait. QC of genetic variants, imputation, and genome-wide analyses were performed by 23andMe, and summary statistics of IPT phenotypes were provided by request (see Sanchez-Roige et al., 2019 for a full account of these methods). 
	UKB samples were genotyped using one of two platforms: the Applied Biosystems UK BiLEVE Axiom and Applied Biosystems UK Biobank Axiom Arrays by Affymetrix (Santa Clara, CA). Following QC, genotypes were imputed to combined Haplotype Reference Consortium (HRCr1.1; McCarthy et al., 2016) and merged UK10K and 1000 Genomes Phase 3 reference panels (Huang et al., 2015) using IMPUTE4 (Howie, Fuchsberger, Stephens, Marchini, & Abecasis, 2012). For greater detail on genotyping, QC, and imputation of all UKB data and smaller replication samples for the ‘risk-taking’ phenotype, see Bycroft et al. (2018) and Linnér et al. (2019), respectively. UKB and replication sample GWAS summary statistics for the ‘risk-taking’ phenotype were obtained from the Social Science Genetic Association Consortium (SSGAC; https://thessgac.com/). 
	GWAS data from the Service et al. meta-analytic samples were genotyped across various Illumina and Affymetrix platforms. QC procedures were conducted for variants and samples based on missing data, call rates, sex discrepancy, ancestral outliers, and HWE (P < 1 × 10-5). QCed genotype data were imputed to the European panel of the HapMap2 reference sample (Sabeti et al., 2007), separately by cohort, using the Markov Chain Haplotyper (MaCH; Li et al., 2009) prior to sample-size weighted meta-analysis in METAL (Willer, Li, & Abecasis, 2010). Following imputation and QC procedures, 1,252,387 high-quality (r2 > .3) SNPs across cohorts were available for association analyses. Given the comparatively low number of tested variants in this study (i.e., versus > 5 million in more recent studies), summary statistics imputation was conducted for the Service et al. GWAS of TCI subscales as described in the Summary Statistics Imputation section below. 
Summary Statistics Imputation. As noted above, GWAS data for TCI scales were originally imputed to HapMap2 separately by cohort, using MaCH prior to sample-size weighted meta-analysis in METAL. Following QC procedures, 1,252,387 SNPs across cohorts were available for association analyses. To obtain similar sets of imputed variants across traits adequate for multivariate modeling of GWAS using GenomicSEM, summary statistics imputation was applied to impute tagged variants thus allowing for association tests with a range of variants comparable to more recent IPT GWAS (e.g., Sanchez-Roige et al., 2019). GWAS summary statistics for TCI scales were imputed to a merged reference panel using the UK10K cohort (REL-2012-06-02; The UK10K Consortium, 2015) plus the European subsample of the 1000 Genomes Project Phase3 data (release 20131101.v5; The 1000 Genomes Project Consortium, 2015). This merged reference panel was accessed through the European Genome-Phenome Archive (EGAD00001000776). The combined sample size of this reference panel is 4,284. 
To impute summary statistics for missing variants, the summary statistics imputation method implemented in the ssimp v0.5.6 software was used for SNPs with MAF ≥ 0.01 (Rüeger, McDaid, & Kutalik, 2018). Briefly, summary statistics imputation harnesses the linkage disequilibrium (LD) information estimated from the matched sequencing reference panels to directly impute meta-analysis summary statistics. To account for varying sample sizes across tag SNPs, the overlap between samples was modeled using dependent missingness (--missingness dep) which results in a lower RMSE of imputed statistics when sample size variance is low as is the case with the TCI summary statistics (Rüeger, McDaid, & Kutalik, 2018). SNPs with imputation quality scores of (r2) < 0.7 were excluded following imputation, and the resulting summary statistics for TCI novelty seeking and harm avoidance contained test statistics for 6,172,768 and 6,175,142 SNPs respectively. 
	Primary IPT Measures. GWAS IPT phenotypes were primarily measured using the 20-item brief version of the UPPS-P Impulsive Behavior Scale (Cyders, Littlefield, Coffey, & Karyadi, 2014), the Barratt Impulsiveness Scale (BIS-11; Patton, Stanford, & Barratt, 1995), and Cloninger’s Temperament and Character Inventory (TCI; Cloninger, Przybeck, Svrakic, & Wetzel, 1994). The 20-item brief version of the UPPS-P measures dimensions of impulsive personality using five subscales: (lack of) premeditation (“I usually think carefully before doing anything”), (lack of) perseverance (“I finish what I start”), negative urgency (“When I am upset I often act without thinking”), positive urgency (“I tend to lose control when I am in a great mood”), and sensation seeking (“I would enjoy the sensation of skiing very fast down a high mountain slope”). Each subscale is assessed by four 4-point Likert scale items (1 = “Agree strongly”, 2 = “Agree somewhat”, 3 = “Disagree somewhat”, 4 = “Disagree strongly”). Some items are reverse coded, and subscales are scored such that greater scores represent greater levels of impulsivity for each trait. Internal consistencies were acceptable for each subscale phenotype assessed in the 23andMe GWAS sample (Cronbach’s α ≥ .70; Sanchez-Roige et al., 2019). 
	The BIS-11 is a 30-item measure designed to assess three domains of impulsive personality: attentional impulsivity (“I don’t pay attention”), motor impulsivity (“I do things without thinking”), and non-planning impulsivity (“I am self-controlled”). Each domain contains eight to 11 items measured on a 4-point Likert scale (1 = “Rarely/never”, 2 = “Occasionally”, 3 = “Often”, 4 = “Almost always/always”). Some items are reverse coded, and items are scored such that greater scores represent greater levels of impulsivity for each domain. A total score is also often calculated by summing items across all subscales. Internal consistencies for domain scores assessed in the 23andMe GWAS sample (Sanchez-Roige et al., 2019) ranged from poor (motor impulsivity Cronbach’s α = .54) to acceptable (attentional impulsivity Cronbach’s α = .74; non-planning impulsivity Cronbach’s α = .73). Internal consistency of the total score was good (Cronbach’s α = .83). 
	The TCI is a 226-item measure containing binary (True/False) response options assessing four primary domains of temperament: novelty seeking (“I am much more reserved and controlled than most people”), harm avoidance (“I usually feel tense and worried when I have to do something new and unfamiliar”), reward dependence (“I like to please other people as much as I can”), and persistence (“I am usually so determined that I continued to work long after other people have given up”). Though each sample in the Service et al. TCI GWAS meta-analysis used slightly different item subsets and versions of the TCI, these four subscales were retained across each sample. Though internal consistencies of the temperament subscales for each meta-analytic sample were not reported by Service et al., in a previous report of internal consistencies of these subscales in the Northern Finland Birth Cohort values ranged from poor (persistence Cronbach’s α = .55) to good (harm avoidance Cronbach’s α = .85; Miettunen et al., 2004). 
	Adventurousness was assessed in the 23andMe sample using the following Likert-scale item: “Would you consider yourself to be more cautious or more adventurous?” (Linnér et al., 2019). 
	Risk tolerance, or risk-taking, was assessed in 23andMe, UKB, and ten smaller replication samples via Likert-scale and binary items (“Would you describe yourself as someone who takes risks?”; Linnér et al., 2019).
	Selection of Dual-Systems Indicator GWAS. In our selection of indicator GWAS for the three factors of interest in our study (sensation seeking, urgency, and lack of self-control), we focused primarily on traits which similarly reflect these three theoretical constructs. For sensation seeking, we chose traits which reflect a similar tendency toward risky, thrilling, or rewarding experiences – UPPS-P sensation seeking, risk-taking, and adventurousness. For urgency, we chose traits reflecting potentially impulsive action in response to high negative or positive affective states – UPPS-P negative urgency, UPPS-P positive urgency, and TCI harm avoidance. For lack of self-control, we chose traits that generally are thought to reflect a lack of forethought or planning of actions – UPPS-P lack of premeditation, BIS-11 total score, and TCI novelty seeking. While UPPS-P lack of perseverance is associated with lack of premeditation as a facet of ‘deficits in conscientiousness’ (Cyders & Smith, 2007), it more accurately reflects a tendency not to complete projects or to quit when a task becomes difficult or boring, rather than a failure to inhibit impulsive approach behaviors per se. As a demonstration of this construct mismatch at the genetic level based on available GWAS summary statistics, lack of perseverance is uncorrelated with either BIS-11 total scores (rg = .29, SE = .22, P = .19) or lack of premeditation (rg = .44, SE = .25, P = .08). Likewise, TCI persistence (“perseverance in spite of fatigue or frustration”) is relatively unrelated conceptually to our target construct of lack of self-control, though more closely related conceptually to lack of persistence. TCI persistence was genetically uncorrelated with any other UPPS-P or TCI trait. TCI reward dependence reflects “individual sensitivity to social rewards,” and is thus, not conceptually very close to sensation seeking in this case. TCI reward dependence was also genetically uncorrelated with any other UPPS-P or TCI trait.

Risk-taking GWAS Meta-Analysis. A GWAS meta-analysis was conducted on risk tolerance (risk-taking) phenotypes assessed via Likert-scale and binary items (“Would you describe yourself as someone who takes risks?”) utilizing GWAS summary statistics for this phenotype from 23andMe (N = 24,302) and the UKB cohort along with ten smaller replication samples (Linnér et al., 2019; N = 466,571). For this risk-taking GWAS meta-analysis, METAL was used to conduct a one-stage sample-size-weighted meta-analysis of the two non-overlapping cohort-level GWAS summary statistics for SNPs with MAF ≥ 0.01. Preliminary genetic correlation analyses confirmed a high degree of concordance between the 23andMe and Linnér et al. risk-taking summary statistics: rg = .83, SE = .08, P = 1.78 × 10-23. The resulting risk-taking meta-analytic summary statistics (N = 490,873) were used as an indicator GWAS for downstream GenomicSEM analyses (see Supplementary Figure 1 for quantile-quantile [Q-Q] plots of these meta-analytic results). Genomic control was not applied to METAL results for any trait as meta-analysis–level genomic control correction can be overly conservative for traits used in downstream LDSC-based analyses, generally yielding an LDSC intercept less than 1 (Bulik-Sullivan, Loh, et al., 2015; Lee, McGue, Iacono, & Chow, 2018).
Neuroimaging GWAS
Genotyping, Imputation, and Quality Control. GWAS summary statistics for neuroimaging phenotypes were obtained from three primary sources: UKB, the Enhancing Neuro Imaging Genetics Through Meta-Analysis (ENIGMA) consortium, and the Cohorts for Heart and Aging Research in Genomic Epidemiology (CHARGE) consortium. GWAS data from UKB samples for neuroimaging phenotypes described below were prepared in a similar fashion to UKB GWAS summary data for risk-taking phenotypes described above (see Impulsive Personality Trait GWAS: Genotyping, Imputation, and Quality Control section above). ENIGMA data (e.g., Grasby et al., 2020; Satizabal et al., 2019) were genotyped using a variety of commercial arrays across the participating studies. Each study sample underwent variant and sample-based QC procedures (e.g., call rate, HWE). Imputation to the 1000 Genomes Project Phase 1 v3 or HRC reference panels was conducted using various validated software packages (see Grasby et al., 2020 and Satizabal et al., 2019 for additional details). CHARGE data were genotyped to a custom array and imputed to either the European subsamples of the 1000 Genomes Project or HRCr1.1 panels following QC. GWAS summary statistics included morphological and volumetric phenotypes for cortical brain regions and subcortical brain structures. From these sources, three primary sets of imaging phenotypes across the brain were utilized (see Table 1). 
Neuroimaging Phenotypes. The first set included GWAS summary statistics from UKB obtained using the Oxford Brain Imaging Genetics (BIG40) web server (https://open.win.ox.ac.uk/ukbiobank/big40/) for volumes of 62 cortical regional tissue volume phenotypes (N = 31,968; Smith et al., 2021). These include 31 left-hemisphere and 31 right-hemisphere cortical parcellation phenotypes generated via the Desikan-Killiany-Tourville atlas (Klein & Tourville, 2012). The second set included GWAS summary statistics from ENIGMA and UKB obtained by request for cortical surface area and thickness phenotypes controlling for global cortical surface area and thickness (N = 33,992; Grasby et al., 2020; (http://enigma.ini.usc.edu/). These include 34 cortical surface area (SA) and 34 cortical thickness (TH) phenotypes generated via the Desikan-Killiany atlas (Desikan et al., 2006). The third set included GWAS summary statistics from CHARGE, ENIGMA, and UKB obtained by request for volumes of seven subcortical structures: the nucleus accumbens, amygdala, caudate nucleus, putamen, globus pallidus, thalamus, and brainstem [including the mesencephalon, pons, and medulla oblongata] (N = 24,945 - 30,175; Satizabal et al., 2019; (http://enigma.ini.usc.edu/). CHARGE summary statistics used for this study were from an unrestricted set, and thus, excluded four cohorts restricted from use in research characterized by the study of potentially sensitive behavioral traits (e.g., impulsivity and alcohol use). 
GenomicSEM Analyses
Briefly, GenomicSEM (Grotzinger et al., 2019) is a natural extension of linkage-disequilibrium score regression (LDSC; Bulik-Sullivan, Loh, et al., 2015; Bulik-Sullivan, Finucane, et al., 2015), which calculates genetic correlations between any two traits for which summary statistics are available, provided the samples were drawn from the same ancestral background. Summary statistics are filtered and pre-processed using the munge function which retains all HapMap3 SNPs (The International HapMap 3 Consortium, 2010) with MAF > 0.01 outside the major histocompatibility complex region. LDSC, and by extension, GenomicSEM, estimates genetic covariance between traits by incorporating information contained in GWAS summary statistics (i.e., SNPs effect sizes and standard errors) with ancestry-specific LD reference panels to account for non-independence of SNPs (i.e., LD scores referencing the non-random association of two or more SNPs in a population) providing an estimate of genetic covariance between all traits examined within the specified ancestral population.
Using LDSC, GenomicSEM computes a full genetic correlation matrix across the set of traits for which munged GWAS summary statistics are provided and then estimates the model with this correlation matrix using the lavaan SEM package (version 0.6-8; Rosseel, 2012) in R. Most of the summary statistics included in the analyses were based on overlapping samples (e.g., 23andMe, UKB); however, this method adjusts for sample overlap by estimating a sampling covariance matrix that indexes the extent to which sampling errors of the estimates are associated (Grotzinger et al., 2019).
Of note, GenomicSEM boosts power relative to GWAS of individual phenotypes even when sample sizes are uneven across phenotypes. However, compared to maximum likelihood estimation, diagonally weighted least squares (DWLS) estimation is more likely to produce a solution that is dominated by the patterns of associations involving the most well-powered traits, thereby producing model estimates that more closely match the pieces of the genetic covariances matrix that are estimated with greater precision (i.e., smaller standard errors typically reflective of larger sample sizes). Importantly, this does not guarantee that model parameters (e.g., factor loadings) will be overly influenced by GWAS with larger sample sizes as several other factors influence the estimation of these parameters including relative correlations between traits, magnitude of differences in relative power of indicator GWAS, degree of sample overlap, and overidentification of models (df > 0). Thus, there is a variance-bias tradeoff between DWLS and maximum likelihood estimation here: greater precision of estimates versus decreased bias arising from discrepant sample sizes (Yarkoni & Westfall, 2017). However, in cases of just-identification and high sample overlap, characteristic of single latent factor multivariate GWAS models conducted as part of this study, this tradeoff is expected to be small (Groztinger et al., 2019). 
Multivariate GWAS
	Following examination of structural and stratified GenomicSEM analyses utilizing LD information without measured SNPs, multivariate GWAS analyses were conducted by estimating SNP associations with each latent genetic factor. As a first step in this process, a single set of summary statistics for each model was generated using the sumstats function which performs list-wise deletion and standardization across each of the univariate GWAS summary statistics serving as model indicators. Given the list-wise deletion of SNPs missing from any one of the indicators, and thus, variation in the available markers for each latent factor (e.g., sensation seeking vs. others, see Table 1), single latent factor models, rather than two-factor correlated models, were used for multivariate GWAS of dual-systems constructs to optimize power to detect associations for all available SNPs. 
	Next, the userGWAS function was utilized to run the specified structural model in an iterative manner for each measured SNP in the combined set of summary statistics, regressing the latent genetic factor on each SNP individually. In contrast to the structural genomic models, the latent genetic factors were the dependent variables in these analyses, and thus unit loading identification was specified for scaling purposes (i.e., the loading of the GWAS indicator with the greatest correlations with other indicators was set to 1). From these multivariate GWAS analyses, individual SNP associations (unstandardized regression coefficients and standard errors [bSNP, SESNP]) with latent factors as well as χ2 and AIC statistics for each individual SNP regression model were obtained. Individual SNP effects were estimated for the latent genetic factors in each model if they were available in all univariate summary statistics, had a MAF ≥ 0.5%, and were present in the 1000 Genomes Project Phase 3 v5 reference panel. 
	The effective sample size for each latent factor () was estimated using the approach described by Mallard et al., 2022: 

Effective sample size is calculated according to this formula where nj is the effective sample size of a given SNP for a latent factor, calculated by dividing (1/SESNP)2 by the variance of that SNP based on MAF: 2 × MAF × (1 – MAF). This calculation of nj produces reasonable estimates for the effective sample size of a given SNP but is prone to errors for SNPs with low MAF. Thus, a limit is set on lower and upper MAF (a = 10% and b = 40%), when estimating the average SNP effective sample (m = number of SNPs) as the total multivariate GWAS effective sample size. Importantly, while it is possible to derive SNP-based heritability estimates () from , Mallard et al. caution the degree to which these estimates may be interpreted as heritabilities as there is no information about phenotypic variance of the latent genetic factors modeled in GenomicSEM. Thus,  of latent genetic factors is more accurately referred to as genetic variance and was denoted by ζg to differentiate between these two indices. 
In order to assess the extent to which individual SNP effects on each of the indicator phenotypes was not fully mediated by the single latent factor (i.e., common pathway model), follow-up multivariate GWAS models were conducted to calculate QSNP tests of heterogeneity. In these secondary models, individual SNP effects are specified such that the influence of each SNP operates through both common and independent pathways (i.e., indicator-specific effects). Nested χ2 difference tests are then conducted comparing the common pathway versus common pathway plus independent pathways to calculate QSNP statistics and associated genome-wide P-values for each SNP. In this context, a genome-wide significant (GWS; P < 5 × 10-8) QSNP statistic suggests that the independent pathway model (i.e., influence of SNP effects on genetic indicators and latent factor) is a better fit to the data for that SNP than the fully mediated latent factor specification (Grotzinger et al., 2019). Following multivariate GWAS, downstream genetic correlation analyses focused on utilizing SNP associations with these latent genetic factors to differentiate between genetic risk for dual-systems constructs across neuroimaging phenotypes. Thus, SNPs with GWS QSNP statistics in each model were removed from model-derived GWAS summary statistics for dual-systems latent factors to reduce heterogeneity in SNP effects on these latent genetic factors prior to downstream genetic correlation analyses. 
FUMA (version 1.3.7; Watanabe, Taskesen, van Bochoven, & Posthuma, 2017) was used to define independent GWS SNPs and genomic loci. Independent GWS SNPs and genomic loci were defined as having an LD r2 < .6 with other GWS SNPs and by a second clumping of independent GWS SNPs by LD r2 < .1 in a 500-kilobase window, respectively. 
Sensitivity Analyses
Relevant to the inclusion of TCI novelty seeking as an indicator of our lack of self-control factor is to note mixed evidence and debate in the literature as to whether TCI novelty seeking is more analogous to sensation seeking or to measures of lack of self-control (Evren et al., 2012; Fischer, G. Smith, & Cyders, 2008; Gutiérrez et al., 2001; Herbst, Zonderman, McCrae, & Costa, et al., 2000; Jaksic et al., 2015; Stautz & Cooper, 2013; Vonmoos et al., 2013). This discrepancy is largely rooted in the constituent TCI novelty seeking subscales (NS1-4) exhibiting attributes similar to both sensation seeking (e.g., NS1: exploratory excitability, “Try new things for fun/ thrills even if most people think it’s a waste of time.” [+]) and lack of self-control (e.g., NS2: impulsiveness, “I like to think about things for a long time before I make a decision.” [-]; NS3: extravagance, “I am much more reserved and controlled than most people.” [-]; NS4: disorderly, “I like to be very organized and set up rules for people whenever I can.” [-]). These differences are evident from prior exploratory factor analysis work examining the TCI (e.g., Gutiérrez et al., 2001; Herbst et al., 2000).
Given this uncertainty and to further examine support for inclusion of TCI novelty seeking as an indicator of lack of self-control, additional sensitivity models were conducted:

(1) a model with TCI novelty seeking as an indicator of sensation seeking rather than lack of self-control
(2) a model including a cross loading for TCI novelty seeking on both the lack of self-control factor and the sensation seeking factor
(3) a model excluding TCI novelty seeking as an indicator of lack of self-control conducted for both our sensation seeking – lack of self-control model (A) and our urgency – lack of self-control model (B).

Because these sensitivity models are not nested within our original model, model comparisons were done descriptively (i.e., comparing overall model fit statistics and factor loadings).

Additionally, summary statistics from a multivariate GWAS of the lack of self-control factor excluding TCI novelty seeking (Model 3: a single factor including only two indicators; UPPS-P lack of premeditation and BIS-11 total scores, similar to that evaluated by Gustavson et al. 2020) with factor loadings constrained to equality for model identification purposes, were analyzed across neuroimaging phenotype GWAS to examine the extent to which results changed based on the exclusion of TCI novelty seeking.

	Results of Sensitivity Genomic Factor Model Analyses.

Model 1: The dual-systems model including TCI novelty seeking as an indicator of sensation seeking rather than lack of self-control provided good fit to the data (χ2=9.9, df=9, P=.36, AIC=33.9, CFI=1.00, SRMR=.09) very similar to our original model (TCI novelty seeking on lack of self-control: χ2=10.7, df=8, P=.22, AIC=36.7, CFI=1.00, SRMR=.09). Moreover, the loading for TCI novelty seeking on sensation seeking is much lower (.32, P = 1.30 × 10-7) than the loading for TCI novelty seeking on lack of self-control in our original model (.51, P = 7.22 × 10-5). Additionally, when examining a single factor model of sensation seeking with the addition of TCI novelty seeking as an indicator, despite good fit to the data (χ2=1.7, df=2, P=.43, AIC=17.7, CFI=1.00, SRMR=.05; Supplementary Table 5), factor loadings suggest that this trait (.31) is considerably distinct from our other specified indicator traits (.82 – 1). 

Model 2: The dual-systems model including TCI novelty seeking as an indicator of both sensation seeking and lack of self-control (i.e., cross-factor loadings) provided good fit to the data as well (χ2=6.9, df=7, P=.44, AIC=33.9, CFI=1.00, SRMR=.09). However, again in Model 2, loadings for TCI novelty seeking were substantially lower, and non-significant, for both lack of self-control (.27, P = .29) and sensation seeking (.18, P = .22), though notably still larger for lack of self-control. 

Model 3A-B: The sensation seeking – lack of self-control dual-systems model excluding TCI novelty seeking as an indicator of lack of self-control (equal loadings for BIS-11 total scores and UPPS-P lack of premeditation) resulted in good fit to the data (χ2=6.3, df=3, P=.28, AIC=26.3, CFI=1.00, SRMR=.05). Similarly, excluding TCI novelty seeking from our urgency – lack of self-control dual-systems model, but retaining cross-factor within-measure residual covariances between UPPS-P negative and positive urgency and lack of premeditation resulted in good fit to the data (χ2=3.3, df=3, P=.35, AIC=27.3, CFI=1.00, SRMR=.05).

Full output for sensitivity analyses models 1-3 are now also included in Supplementary Tables 3-4 as well as output for the single factor model of sensation seeking with inclusion of TCI novelty seeking as an indicator (Supplementary Table 5).

Collectively, the results of these sensitivity analyses suggest that genetic influences associated with the TCI novelty seeking scale likely overlap with sensation seeking and lack of self-control. This observation is consistent with previous phenotypic literature suggesting that different subscales tap into each of these constructs. It is important to note as well that other GWAS examining associations among IPTs have drawn attention to the fact that phenotypic and genetic correlations between impulsive subscales can exhibit substantial variability (Sanchez-Roige et al., 2019). This underscores the need to evaluate different models of IPTs and reckon their genetic and neurobiological underpinnings with phenotypic observations and theory.

	Results of Sensitivity Multivariate GWAS Analyses.

A sensitivity multivariate GWAS of the lack of self-control factor excluding TCI novelty seeking (Supplementary Table 5) was conducted and used to conduct a sensitivity analysis of neuroimaging genetic correlation models. Results from these sensitivity GWAS and genetic correlation analyses were compared results to findings using the lack of self-control multivariate GWAS including TCI novelty seeking. 

Univariate LDSC results for the lack of self-control factor excluding TCI novelty seeking suggested decreases in mean χ2 and λGC as measures of polygenicity (1.02 vs. 1.03; 1.02 vs. 1.16), a slight increase in LDSC intercept estimate (0.998, SE = 0.007 vs. 0.987, SE = 0.009), and a more substantial reduction in the estimated genetic variance (ζg=0.046, SE=0.017 vs. ζg=0.072, SE=0.019), in aggregate suggesting these GWAS are similarly underpowered and that excluding TCI novelty seeking results in further reduction of power. 

	Results of Sensitivity Neuroimaging Genetic Correlation Analyses.

Results of genetic correlation analyses between neuroimaging phenotypes and the lack of self-control GWAS without TCI novelty seeking suggested overall negligible differences in terms of magnitudes of correlations, number of significant correlations, and direction of effect for significant correlations. For instance, across all neuroimaging phenotypes, χ2 tests used to evaluate the null hypothesis that each pair of genetic correlations (lack of self-control vs. lack of self-control without TCI novelty seeking) could be constrained to equality (Demange et al., 2021) resulted in no significant χ2 differences suggesting the magnitudes of correlations with neuroimaging phenotypes could be constrained to equality. This is also reflected in the average absolute differences in the magnitude of correlation point estimates for the 21 FDR-significant associations with cortical thickness phenotypes (0.047). Of these 21 FDR-significant correlations, 12 remained significant using the lack of self-control summary statistics without TCI novelty seeking and all associations continued to reflect negative genetic correlations between lack of self-control and cortical thickness. There were no new FDR-significant genetic correlations observed using the lack of self-control GWAS without TCI novelty seeking. Output from these models are presented in Supplementary Table 14. 
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