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Abstract

:

Computerized device use (CDU) is societally ubiquitous but its effects on mental health are unknown. We performed genetic correlation, Mendelian randomization, and latent causal variable analyses to identify shared genetic mechanisms between psychiatric disorders (Psychiatric Genomics Consortium; 14,477 < N < 150,064) and CDU (UK Biobank; N = 361,194 individuals). Using linkage disequilibrium score regression, we detected strong genetic correlations between “weekly usage of mobile phone in last 3 months” (PhoneUse) vs. attention deficit hyperactivity disorder (ADHD; rg = 0.425, p = 4.59 × 10−29) and “plays computer games” (CompGaming) vs. schizophrenia (SCZ; rg = −0.271, p = 7.16 × 10−26). Focusing on these correlations, we used two sample MRs to detect the causal relationships between trait pairs by treating single nucleotide polymorphisms as non-modifiable risk factors underlying both phenotypes. Significant bidirectional associations were detected (PhoneUse→ADHD β = 0.132, p = 1.89 × 10−4 and ADHD→PhoneUse β = 0.084, p = 2.86 × 10−10; CompGaming→SCZ β = −0.02, p = 6.46 × 10−25 and CompGaming→SCZ β = −0.194, p = 0.005) and the latent causal variable analyses did not support a causal relationship independent of the genetic correlations between these traits. This suggests that molecular pathways contribute to the genetic overlap between these traits. Dopamine transport enrichment (Gene Ontology:0015872, pSCZvsCompGaming = 2.74 × 10−10) and DRD2 association (pSCZ = 7.94 × 10−8; pCompGaming = 3.98 × 10−25) were detected in SCZ and CompGaming and support their negative correlative relationship. FOXP2 was significantly associated with ADHD (p = 9.32 × 10−7) and PhoneUse (p = 9.00 × 10−11) with effect directions concordant with their positive genetic correlation. Our study demonstrates that epidemiological associations between psychiatric disorders and CDUs are due, in part, to the molecular mechanisms shared between them rather than a causal relationship. Our findings imply that biological mechanisms underlying CDU contribute to the psychiatric phenotype manifestation.
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1. Introduction


The information revolution has contributed to humans’ reliance on technology to store and transmit ideas to the point where computerized device use (CDU) is societally ubiquitous [1]. While these developments are generally beneficial, there is growing discussion about potential harms as well [2,3,4,5,6,7]. A relationship between personal CDU (e.g., cellular phones, video/computer games, desktop/laptop computers) and psychiatric traits (i.e., inattention [7,8]), psychiatric disorders (attention deficit hyperactivity disorder (ADHD) [2,9], anxiety disorders [10], and schizophrenia (SCZ)) has been established in epidemiological studies. While these relationships are often explored as potentially detrimental to human health [2,7,10], there are data suggesting that CDUs may also be beneficial to certain psychiatric conditions (e.g., video games seem to have a therapeutic effect on SCZ [11]). Causality between CDUs and psychiatric disorders has been difficult to determine due to combined effects of psychiatric disorder heterogeneity and sample size constraints [12] (e.g., disorder heterogeneity may add noise to studies with goals to detect causality)—and importantly, the inability to use conventional designs in a single-ascertainment context to draw such conclusions. Genetic information from large-scale genome-wide association studies (GWAS) can be used to combat these limitations and detect genetic overlap, causal relationships, and molecular pathways shared between complex traits [13,14]. Elucidating the mechanisms linking these traits will lead to improved understanding of the possibly long-term effects of CDUs and may conceivably contribute to developing nonpharmacological therapies for various disorders and provide biological evidence supporting the use of these therapies in combination with pharmacological intervention.



We hypothesize that genetic information underlying CDU and psychiatric disorders explains the epidemiological relationships between them. We tested this hypothesis by investigating causal relationships, genetic overlap, and shared molecular mechanisms linking these traits using GWAS summary association data (Table 1) generated by the Psychiatric Genomics Consortium (PGC) [15] and the UK Biobank (UKB) [16].




2. Materials and Methods


2.1. Genetic Data


Summary statistics of five CDU measures and eight psychiatric disorders (i.e., ADHD [17], AD [18], AN [19], ASD [20], BIP [21], MDD [22], PTSD [23] and SCZ [24]) were obtained from PGC and the UKB) (Table 1). The UKB represents a collection of deeply phenotyped individuals from the UK in the adult age range (approximately 40–60 years of age). We used five CDU phenotypes from this biobank: For approximately how many years have you been using a mobile phone at least once per week to make or receive calls? (UKB Field ID: 1110), Over the last three months, on average how much time per week did you spend making or receiving phone calls on a mobile phone? (PhoneUse; UKB Field ID: 1120), Hands-free device/speakerphone use with mobile phone in the last three months (UKB Field ID: 1130), Difference in mobile phone use compared to two years previously (UKB Field ID: 1140), and Plays computer games (CompGaming; UKB Field ID: 2237). All phenotypes have been represented in the biobank as ordinal measures of CDU behavior and the specific categorical distributions for UKB participants of all ancestries are shown in Table 1. Due to the limited representation of individuals of non-European descent in these previous studies, all analyses were restricted to GWAS summary association data for individuals of European ancestry. The association analysis for all phenotypes was conducted using appropriate regression models available in Hail (available at https://github.com/hail-is/hail) including the first 20 ancestry principal components, sex, age, age2, sex × age, and sex × age2 as covariates. Additional details regarding quality control criteria and GWAS methods for the UKB and PGC are available at https://github.com/Nealelab/UK_Biobank_GWAS/tree/master/imputed-v2-gwas and https://www.med.unc.edu/pgc/results-and-downloads, respectively. Details regarding the original GWAS analyses and findings from PGC are described in previous articles [17,18,19,20,21,22,23,24]. GWAS for CDU phenotypes in the UKB use raw ascertained data; however, some of the continuous phenotypes used for subsequence phenome-wide genetic correlations are available in raw ascertainment form and inverse rank normalized form (i.e., they are transformed to fit a normal distribution). For these continuous phenotypes, we used the normalized GWAS summary data only.




2.2. Genetic Correlation


GWAS summary association data related to CDUs (Table 1) and psychiatric disorders were used to calculate heritability and genetic correlation using the linkage disequilibrium score regression (LDSC) method [25,26]. Bonferroni correction was performed using the p.adjust function in R studio. Subsequent genetic correlations were evaluated using GWAS summary statistics for the remaining UKB traits (4085 for both sexes combined, 3291 for females only, and 3148 for males only). Note that the methods used to identify suitable genetic instruments (e.g., output from PRSice v1.25) and evaluate causality between traits (e.g., two-sample Mendelian randomization) are sensitive to sample overlap [27]. To avoid possible sample overlap, versions of PGC GWAS summary data known to exclude UKB samples were used for this study: MDD and SCZ from Wray et al. [22] and the PGC Schizophrenia Working Group et al. [24], respectively, rather than Howard et al. [28] and Pardinas et al. [29], respectively, which either knowingly or potentially overlap with UKB participants (i.e., Pardinas et al. includes individuals from the CLOZUK study of UK participants).




2.3. Genetic Instrument Selection


PRSice v1.25 [30] was used to identify a significance threshold for inclusion of variants in the genetic instrument in order to maximally explain the cross-phenotype variance between CDU and psychiatric disorders. Variants with association p-values less than this significance threshold were included in the genetic instruments for Mendelian randomization. For this SNP-selection process, we used stringent clumping criteria (clumpkb = 10,000 and clumpr2 = 0.001) to minimize correlation among genetic instruments, which may bias downstream causal estimates between phenotypes. The region encoding the major histocompatibility complex was removed from this process due to its complex linkage disequilibrium structure. Note that (1) outputs from PRSice v1.25 were not interpreted for predictability of an outcome trait using genetic data from an exposure trait, as is the typical application of PRSice v1.25 and (2) Trait 1 predicts Trait 2 differently than Trait 2 predicts Trait 1 and as such, the number and identity of the genetic instruments identified through these analyses may be different for each trait pair and each analysis direction for any given trait pair.




2.4. Mendelian Randomization


The causality between CDU and psychiatric disorders was evaluated using two-sample Mendelian randomization (MR) with genetic instruments included based on the best-fit p-value threshold from PRSice v1.25 (ranging from 1.0 to 5 × 10−8, see Genetic Instrument Selection). This approach has proven well-powered for overcoming the combination of high polygenicity and relatively few, and weakly associated, risk loci contributing to psychiatric disorders relative to a more traditional MR approach strictly using genome-wide significant loci in the genetic instruments [14,31,32,33,34]. Using the best-fit PRSice v1.25 model to select genetic instruments may exacerbate certain MR sensitives (e.g., many weak genetic instruments included in the analysis), so multiple methods were used here to verify the stability of causal estimates across methods, mindfully remove outliers, and evaluate estimate sensitivity. These included causal estimates based on mean [35], median [36], and mode [37] with various adjustments to accommodate weak instruments [38] and the presence of horizontal pleiotropy (i.e., when genetic variants associate with the outcome independently of the exposure) [39,40]. Appropriate sensitivity tests were used to evaluate the presence of pleiotropic effects (MR-Egger, MR robust adjusted profile score (RAPS) over dispersion and loss-of-function [38], and MR pleiotropy residual sum and outlier (PRESSO [40]), heterogeneity, and the pervasive effect of outlier variants in the genetic instrument (leave-one-out). The strict quality control employed here combined with the large samples sizes for each GWAS used reduced possible violations of MR assumptions while selecting genetic instruments to test for causality between trait pairs [32]. Two sample MR tests were conducted using the R package TwoSampleMR [41]. It should be noted that our trait pairs of interest indeed demonstrated effects of horizontal pleiotropy and outliers within the genetic instruments. We removed these variants and only report results devoid of horizontal pleiotropy and variants with outlier effects as determined by several sensitivity methods.



Multivariable MR was performed using the MendelianRandomization R package [42,43] and genetic instruments contributing to the best-fit PRSice v1.25 model for each exposure trait.



The latent causal variable (LCV) model [44] was used to estimate the genetic causality proportion (gĉp) between traits using z-score converted per-variant effects and regression weights for genome-wide summary statistics. LCV uses genome-wide data (rather than select genetic instruments) to evaluate whether causal estimates (i.e., the genetic liability of the exposure has a causative effect on the outcome; e.g., those derived from MR) are independent of the genetic correlations (i.e., the association of per-SNP effect estimates) between traits.



It should be noted that MR and LCV causal estimates can be interpreted as Trait 1 (estimated by β) causes, or protects against, a portion of the risk for exhibiting/developing Trait 2.




2.5. Enrichment Analyses


GWAS summary statistics were annotated for (1) physical proximity to genes (window size = 10 kb) and (2) enrichment of molecular pathways and gene ontology (GO) annotations (n = 10,651) using Multi-marker Analysis of GenoMic Annotation (MAGMA v1.06) [45], implemented in FUnctional Mapping and Annotation (FUMA) v1.3.3c [46] with the following parameters: genome-wide significance p < 5 × 10−8, minor allele frequency ≥ 0.01, and LD blocks merged at <250 kb for LD r2 ≥ 0.6 with lead variant. Z-tests were used to determine differences in gene set enrichment and genetic correlations. The SNPs underlying each trait were mapped to genes within a 10 kb physical proximity and were assessed for enrichment of ~17,000 gene sets.





3. Results


3.1. Genetic Correlation between Computerized Device Use and Psychiatric Disorders


All CDUs were significantly heritable with h2 z-scores greater than 4 indicating appropriate power for LDSC (Table 1). A total of 18 significant genetic correlations were observed between CDU and psychiatric disorders after Bonferroni correction (p < 1.25 × 10−3; Figure 1 and Table S1). The UKB CDU traits PhoneUse and CompGaming were strongly genetically correlated with several psychiatric disorders (8/18 significant genetic correlations involved these CDUs). MR studies using psychiatric phenotypes are prone to detecting relatively small effect estimates and therefore often meet levels of nominal significance [14,47,48,49]. To avoid the potential for over-correcting p-values from MR analyses, we selected the two trait pairs with highest genetic correlation p−values: (1) ADHD versus PhoneUse; (rg = 0.425, p = 4.59 × 10−29) and (2) schizophrenia versus CompGaming (rg = −0.271, p = 7.16 × 10−26).



Sex−stratified genetic correlation (available for ADHD and PTSD; Table S1) was substantially greater between ADHD and PhoneUse in females (rg = 0.710, p = 5.91 × 10−31) than in males (rg = 0.322, p = 9.51 × 10−7; difference compared to females: z = 3.25, p = 0.001).




3.2. Mendelian Randomization


PRSice v1.25 was used to select genetic instruments with which to perform MR analyses (Additional Data Tables 1–3). The PRSice v1.25 model of CDU on psychiatric disorders was consistently more powerful than the reverse relationship so MR tests were performed assuming this direction as the main hypothesis (see MR methods). Unless otherwise noted, the inverse-variance weighted (IVW) [36] causal estimate is discussed herein while all causal estimates are provided in Table S2. Specifically, we applied random-effect IVW, which is less affected by heterogeneity among the variants included in the genetic instrument than a fixed-effect model. The causal effects (β; Figure S1), not affected by heterogeneity and horizontal pleiotropy (Table S2), were bidirectional with CDUs having greater effects on psychiatric disorders (PhoneUse→ADHD βIVW = 0.132, pIVW = 1.89 × 10−4; CompGaming→SCZ βIVW = −0.194, pIVW = 0.005) than the reverse relationship (ADHD→PhoneUse βIVW = 0.084, pIVW = 2.86 × 10−10; SCZ→CompGaming βIVW = −0.020, pIVW = 6.46 × 10−25). These effects were significantly stronger for CDU→PsychiatricDisorder than the reverse direction (zADHD_PhoneUse = 2.28, p = 0.023; zSCZ_CompGaming = −3.56, p = 3.71 × 10−4). When stratified by sex, the female PhoneUse→ADHD relationship was nearly 4-fold greater than that in males (βIVW_female = 0.287, pIVW_female = 1.09 × 10−7; βIVW_male = 0.080, pIVW_male = 0.019).



Multivariable MR was performed to verify the causal estimates of the SCZ→CompGaming and ADHD→PhoneUse relationships given the genetic correlations of other psychiatric disorders with the same CDU. When adjusted for ADHD diagnosis, only the negative causal estimate between ASDADHD→PhoneUse remained significant (original two-sample βIVW = −0.019, pIVW = 1.45 × 10−4; multivariable βIVW = −0.044, pIVW = 2.40 × 10−8; Figures S2–S3 and Tables S2–S3).



Full GWAS summary data for the relationship between (1) ADHD and PhoneUse, (2) SCZ and CompGaming, and (3) ASD and PhoneUse (selected due to multivariable MR significance detected above) were used to estimate the genetic causality proportion (gĉp) using regression weights via the LCV model (Table S4). LCV results for SCZ and CompGaming indicated that the datasets investigated are able to detect a causal relationship. We detected that the genetic risk for SCZ explains 8.1% of the genetic risk for CompGaming but this partial causal observation was not significant (gĉp p-value = 0.65). Partial causality estimates between ADHD, ASD, and PhoneUse were also not significant, so we concluded that the causal estimates between CDU traits and psychiatric disorders, as detected above with MR approaches, were not independent of the genetic correlations between them (i.e., strong genetic correlation between CDU and psychiatric disorders likely contributes to significant causal estimates detected with MR). Sex-stratified heritabilities were insufficient to reliably estimate the gĉp between trait pairs.



The combination of (1) bidirectional causal estimates between trait pairs using MR and (2) lack of genome-wide causal estimates that are independent of genetic correlations (i.e., observed genetic correlations did not indicate causal relationships) suggest that the trait pairs tested share underlying biological features (e.g., shared molecular mechanisms and/or causal relationships with an unobserved mediator) rather than causal relationships [50]. These shared mechanisms and putatively mediating phenotypes are explored below using three approaches: (1) gene overlap, (2) gene set enrichment overlap, and (3) genetic correlate overlap.




3.3. Genetic Similarities and Differences between Computerized Device Use and Psychiatric Disorders


3.3.1. Schizophrenia and CompGaming


SCZ and CompGaming have a negative genetic correlation suggesting shared genetic architecture, perhaps with opposing effects, contributing to phenotype. Using a SNP-based approach, one variant (rs62512616) met genome-wide significance in both SCZ (36,989 cases and 113,075 controls; 2.30 × 10−9; LD r2 < 0.1; Table S5) and CompGaming (301,157 subjects; p = 3.01 × 10−8; (LD r2 < 0.1; Table S6) GWASs; it maps to the intronic region of t-SNARE domain containing 1 (TSNARE1) and has opposite effects in SCZ (beta = 0.025, SE = 0.011 and CompGaming (beta = −0.007, SE = 0.001). Using a gene-annotation approach, significant variants mapped to a total of 13 genes; one (rs2514218) and three (rs2734837, rs4648319, and rs4936271) lead variants from the SCZ and CompGaming GWAS, respectively, mapped to the dopamine receptor D2 (DRD2) gene. In addition to DRD2 and TSNARE1, 11 other genes met genome-wide significance for both traits in a gene-based GWAS (p < 2.64 × 10−6; Figure 2). All 13 genes had positive z-score converted effects in SCZ and CompGaming (Figure 2).



Twenty-two molecular pathways showed differential enrichments in line with the negative association between SCZ and CompGaming (p < 4.69 × 10−6; Figure 3 and Table S7). These differential mechanisms include gene sets related to the stress stimulus response (e.g., systematic name M2492: MAPK11 (p = 1.02 × 10−13) and MAPK14 targets (p = 1.25 × 10−8); and the PID p38-gamma and p38-delta pathway (p = 1.96 × 10−8) and synapse structure, plasticity, function, and neurotransmitter signaling (e.g., reactome Down syndrome cell adhesion molecule interactions (R-HSA-376172) p = 2.17 × 10−13; GO:0015872 dopamine transport p = 2.74 × 10−10; GO:0007186 G-protein coupled glutamate receptor signaling pathway p = 7.22 × 10−7; and GO:0006836 neurotransmitter transporter activity p = 2.40 × 10−6). The six and seven gene set enrichments surviving Bonferroni correction in SCZ and CompGaming, respectively, are provided in Tables S8 and S9, respectively.



To uncover the putative mediator phenotype between the SCZ and CompGaming association, genetic correlation was calculated between 4085 phenotypic traits and SCZ/CompGaming (Figure 3 and Table S10). Five traits had significant differences between SCZ and CompGaming in line with the negative association between these traits (Table S10). Three of these significantly different traits also were significantly associated with SCZ and CompGaming after Bonferroni correction (p < 1.22 × 10−5): “number of correct matches in round (pairs matching)” (UKB Field ID 398: rgSCZ = −0.390, pSCZ = 4.33 × 10−27; rgCompGaming = 0.435, pCompGaming = 6.69 × 10−25), “usual side of head for mobile phone use (equal)” (UKB Field ID 1150_3: rgSCZ = −0.272, pSCZ = 4.51 × 10−9; rgCompGaming = 0.450, pCompGaming = 2.49 × 10−17), and “reason for reducing amount of alcohol drunk: other reason” (UKB Field ID 2664_5: rgSCZ = −0.434, pSCZ = 6.35 × 10−27; rgCompGaming = 0.256, pCompGaming = 1.09 × 10−11). Two hundred and sixty-three and 348 UKB traits were independently significantly associated with SCZ and CompGaming, respectively, after Bonferroni correction (p < 1.14 × 10−5; Figure 3 and Table S10).




3.3.2. ADHD and PhoneUse


ADHD and PhoneUse showed a genetic correlation that was stronger in females than males. The shared genetic architecture of these traits was investigated using genome-wide data considering both sexes combined (ADHD: 19,099 cases and 34,194 controls; PhoneUse: 356,618 subjects), females (ADHD: 4,945 cases and 16,246 controls; PhoneUse: 191,522 subjects), and males (ADHD: 14,154 cases and 17,948 controls; PhoneUse: 165,096 subjects). Using a SNP-based approach, there was no overlap in genomic risk loci or individual significant variants between ADHD (LD r2 < 0.1; Table S11) and PhoneUse (LD r2 < 0.1; Table S12) GWAS; however, individual significant loci from both GWAS map to genes involved in fear recognition/consolidation (sortilin related VPS10 domain containing receptor 3 (SORCS3)) in ADHD [50] and hypocretin receptor 2 (HCRTR2) [51] in PhoneUse) and language/speech development/impairment (Semaphorin 6D (SEMA6D) in ADHD [52] and forkhead box transcription factor (FOXP2) in ADHD and PhoneUse [53]). FOXP2 was the only gene-based genome-wide significant result in both ADHD (p = 9.32 × 10−7) and PhoneUse (p = 9.00 × 10−11). Conversely, FOXP2 (p = 0.084) was not significant in the ASD GWAS (18,382 cases and 27,969 controls), an observation in line with the independent associations of ADHD and ASD with PhoneUse (Tables S1 and S13).



The GWAS for ADHD females and PhoneUse males were insufficiently powered to identify genome-wide significant variants so these data were explored using a suggestive threshold of p < 1 × 10−5 (LD r2 < 0.1; Tables S14–S17). There were no significant overlapping variants or genes between ADHD and PhoneUse after Bonferroni correction in the sex-stratified cohorts.



Ninety-one, 29, and 39 gene sets were enriched in both ADHD and PhoneUse for both sexes, males, and females, respectively. None of these gene sets survived multiple testing correction in both GWAS (Tables S18–S20).



A total of 551 and 491 significant genetic correlations were detected for ADHD and PhoneUse, respectively. Three hundred and sixty-nine of these were significantly correlated with both traits after multiple testing correction (p < 1.22 × 10−5; Figure 4 and Table S21). Among the top ten traits correlated with ADHD and PhoneUse, three traits were shared: “age at first sexual intercourse” (UKB Field ID 2139: rgADHD = −0.623, pADHD = 2.17 × 10−128; rgPhoneUse = −0.579, pPhoneUse = 6.24 × 10−132), “smoking status: never” (UKB Field ID 20116_0; rgADHD = −0.523, pADHD = 1.91 × 10−79; rgPhoneUse = −0.386, pPhoneUse = 6.93 × 10−56), and “qualifications: college or university degree” (UKB Field ID 6138_1: rgADHD = −0.510, pADHD = 7.52 × 10−74; rgPhoneUse = −0.380, pPhoneUse = 1.70 × 10−58). These genetic correlations were replicated in females and males (Figure 3 and Tables S22 and S23), with “age at first sexual intercourse” as the most significant genetic correlation with ADHD and PhoneUse in the sex-stratified cohorts (UKB Field ID 2139: rgADHD_Females = −0.815, pADHD_Females = 3.25 × 10−22; rgPhoneUse_Females = −0.529, pPhoneUse_Females = 1.31 × 10−64; rgADHD_Males = −0.610, pADHD_Males = 6.56x10−69; rgPhoneUse_Males = −0.592, pPhoneUse_Males = 5.03 × 10−57). Differential gene set enrichments and genetic correlations between ASD and PhoneUse that survived multiple testing correction were observed but did not represent any singular molecular mechanism as was observed for dopamine enrichment between SCZ and CompGaming (Tables S24 and S25).






4. Discussion


We have reported a high degree of genetic correlation between CDU traits and psychiatric disorders. The relatively large number of genetic correlations surviving multiple testing correction highlights the pleiotropic nature of genetic risk for these phenotypes. We demonstrated particularly strong genetic correlations between ADHD and SCZ with CDU, which survive multiple testing correction; however, ASD and major depression (MDD) also demonstrate several significant genetic correlations. We hypothesize that the overlap between the CDU traits genetically correlated with ADHD and ASD are likely due to the high genetic correlation between ADHD and ASD. The observations involving MDD were relatively weak in magnitude but had a very different correlated architecture than those of ADHD, ASD, and SCZ, which warrants additional future study.



Among the trait pairs tested for causal inference, we detected bidirectional causality using MR methods and the LCV analyses did not support a causal relationship independent of the genetic correlations between these traits. We therefore focused our analyses on the underlying biology that may be responsible for strong genetic correlations between CDU and psychiatric disorders. Specifically, we investigated the two strongest genetic correlations: (1) SCZ and CompGaming and (2) ADHD and PhoneUse. The genetic overlap detected between SCZ and CompGaming suggests that these phenotypes share underlying molecular mechanisms, which contribute to the two phenotypes. For example, enrichment of dopamine transport was detected with several analytic procedures (e.g., gene based, gene sets, and overlapping genetic correlates). Gene ontologies were significantly enriched in SCZ and CompGaming but had opposite directions of the effect, which suggests that genes contributing to dopamine transport work in opposing ways to produce the schizophrenia and computer gaming phenotypes. Gene-based GWAS analyses implicated DRD2 and TSNARE1 in the SCZ and CompGaming protective relationship. Our discussion focuses on this repeated detecting of dopamine processes. Genetic variation in DRD2 and imbalance of the dopamine transport system in various brain regions are readily observed in SCZ patients [24] and most antipsychotic drugs are antagonists of D2 dopamine receptors (D2R), the protein product of DRD2 [24]. Studies have shown that video and computer game playing increases release of dopamine in the striatum and this relationship is observed in our findings of enrichment of dopaminergic systems [54]. SCZ patients and healthy computer game users both exhibit increased dopamine levels in various brain regions suggesting that dopamine concentration per se, as opposed to alterations in its regulation, is an unlikely contributor to the SCZ-CompGaming negative relationship. TSNARE1 has recently shown synergistic effects with other putative SCZ risk loci but interactions between TSNARE1 and DRD2 remains unknown. Based on the findings of this study and the current literature, in SCZ patients lacking a secondary addiction diagnosis, the pairs-matching component of video and/or computer game playing may increase D2R density (perhaps through synergistic TSNARE1 mechanisms) in specific brain regions, thereby increasing grey matter density in the region over time and providing protective effects against SCZ symptoms.



We observed strong evidence of genetic overlap between PhoneUse and ADHD with sex-stratified differences. FOXP2 was the only gene overlapping the ADHD and PhoneUse GWASs. The FOXP2 locus encodes a brain-expressed transcription factor strongly implicated in the human ability to communicate via complex speech [53]. Additionally, we uncovered multiple genetically correlated traits shared between ADHD and PhoneUse in the combined and sex-stratified cohorts, including “age at first sexual intercourse” and “risk taking.” While these traits were detected by the PGC ADHD GWAS of both sexes combined [17], the connection to PhoneUse is perhaps best explored in the sex-stratified cohorts. The genetic correlation between males and females with ADHD is quite high, initially suggesting that the same set of common variants may contribute to ADHD in both sexes; however, this difference has previously been attributed to differences in ADHD prevalence between sexes [55]. Because ADHD prevalence and comorbid conditions differ between sexes, we considered mechanistic differences, which may contribute to higher correlation and causal inference in females relative to males.



Sex hormones are implicated in various aspects of human speech, including pitch, overall voice profile, and vocal structural anatomy, many of which are influenced by androgen/testosterone expression differences between males and females [56]. In rates, FOXP2 expression is dampened by androgen/testosterone expression and androgen receptor density is modulated by testosterone [57]. FOXP2 also is expressed in brain regions in which androgen receptor density is highly responsive to androgen/testosterone [57]. The presence of “age at first sexual intercourse” and “risk taking” as genetic correlates herein and in additional studies also complements testosterone or related mechanisms with PhoneUse and ADHD [58]. These data support the possibility that sex hormone expression differences in males and females contribute to FOXP2 expression differences, resulting in observations of stronger genetic correlation estimates between ADHD and PhoneUse in females.



Our study has several limitations. First, although sample sizes for large-scale genetic studies are capable of reducing the effects of psychiatric disorder heterogeneity on analogous epidemiological studies (e.g., randomized controlled trails), GWAS are not devoid of the effects of diagnostic heterogeneity that may exist in the GWAS used for this study. A potential consequence of this heterogeneity may indeed be sufficient genome-wide noise to mask the strength of causal relationships, such as those not detected with the LCV approach using genome-wide variants rather than targeted variants. This may be especially true for use of computerized devices, which have substantial ascertainment differences between older and younger individuals. Therefore, our lack of detection of causal relationships between CDU and psychiatric disorders may be restricted to adults. It remains undetermined if similar observations are true in youths who have more ubiquitous CDU behavior across their lifetime. Second, the use of reduced genome-wide significance thresholds for selecting MR instrumental variables is an unconventional procedure. However, when accompanied by rigorous sensitivity testing of SNPs with effect size outliers, tests for horizontal pleiotropy, and causal inference tests specifically designed to overcome weak instruments, the approach employed here adheres to MR assumptions [59]. Although sample size is tightly related to the utility of weak instrumental variables, it is possible that those variables included here bias causal inferences towards the confounding association. We supplemented our MR causal inferences with LCV testing and indeed cannot distinguish genetic correlation from causation. As GWAS sample sizes continue to increase and improve upon the power of genetic instruments and their association with exposure phenotypes, causal inferences between CDU and psychiatric disorders may become more stable [31,32]. Third, we tested multivariable MR including a second psychiatric disorder that was genetically correlated with the CDU of interest (e.g., we included ASD in the causal relationship between ADHD and PhoneUse). We did not test other potential mediating variables. This means that, although it seems unlikely due to the several sensitivity analyses conducted, an unaccounted mediator may have a causal effect on both psychiatric disorders and CDU phenotypes, generating the genetic correlation observed. Lastly, although we have corrected for multiple testing, selection of an appropriate p-value threshold with which to determine a result significant is perhaps confounded by lack of independence between genetic correlations and MR. With respect to our study, a Bonferroni threshold (p < 0.001) would not change our interpretation of the results presented. Future MR studies will need to address suitable multiple testing correction strategies given the high number of tests performed (i.e., bidirectional MR, multivariable MR, several MR testing methods, and combinations of these testing strategies).




5. Conclusions


Our findings demonstrate that CDUs have strong genetic overlap with psychiatric disorders (Figure S4), though these results do not support a unidirectional causal relationship between CDU and psychiatric disorders. These genetic relationships point to potential mechanistic insights into epidemiological correlations between CDUs and psychiatric disorders to identify prospective pharmacological and nonpharmacological therapeutic targets for psychiatric disorders.








Supplementary Materials


The following are available online at https://www.mdpi.com/2077-0383/8/12/2040/s1, Figure S1: Causal estimates, Figure S2: Multivariable causal estimates for schizophrenia and CompGaming, Figure S3: Multivariable causal estimates for ADHD and PhoneUse, Figure S4: Analytic pipeline, Table S1: Genetic correlations between CDU and psychiatric disorders, Table S2: Mendelian randomization estimates and sensitivity tests, Table S3: Multivariable Mendelian randomization results, Table S4: Latent causal variable results, Table S5: Genomic risk loci for schizophrenia, Table S6: Genomic risk loci for CompGaming, Table S7: Gene set enrichment differences schizophrenia and CompGaming, Table S8: Schizophrenia gene sets, Table S9: CompGaming gene sets, Table S10: Genetic correlations shared between schizophrenia and CompGaming, Table S11: Genomic risk loci for ADHD, Table S12: Genomic risk loci for PhoneUse, Table S13: Genomic risk loci for autism spectrum disorder, Table S14: Genomic risk loci for ADHD in females only, Table S15: Genomic risk loci for ADHD in males only, Table S16: Genomic risk loci PhoneUse in females only, Table S17: Genomic risk loci for PhoneUse in males only, Table S18: Gene sets shared between ADHD and PhoneUse, Table S19: Gene sets shared between ADHD and PhoneUse for females only, Table S20: Gene sets shared between ADHD and PhoneUse for males only, Table S21: Genetic correlations shared between ADHD and PhoneUse, Table S22: Genetic correlations shared between ADHD and PhoneUse for females only, Table S23: Genetic correlations shared between ADHD and PhoneUse in males only, Table S24: Gene set enrichment differences between autism spectrum disorder and PhoneUse, Table S25: Genetic correlations shared between autism spectrum disorder and PhoneUse, Additional Data Table 1: Genetic instruments for schizophrenia and CompGaming, Additional Data Table 2: Genetic instruments for ADHD and PhoneUse, Additional Data Table 3: Genetic instruments for autism spectrum disorder and PhoneUse.





Author Contributions


F.R.W. and R.P. conceived the analyses; R.P. received grant funding; F.R.W. performed the analyses; C.M.C., G.A.P., J.G., and R.P. provided critical analytic feedback; F.R.W. and R.P. wrote the first draft and prepared materials for submission; F.R.W., C.M.C., G.A.P., J.G., and R.P. reviewed, edited, and approved the manuscript for submission.




Funding


This research was funded by the Simons Foundation Autism Research Initiative (SFARI Explorer Award: 534858) and the American Foundation for Suicide Prevention (YIG-1-109-16). CMC was supported by a Fundação de Amparo à Pesquisa do Estado de São Paulo (FAPESP 2018/05995-4) international fellowship.




Acknowledgments


The authors thank Luke O’Connor from the Department of Epidemiology, Harvard T.H. Chan School of Public Health for his assistance with interpreting the LCV model results.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Papp, D.S.; Alberts, D.S.; Tuyahov, A. Historical impacts of information technologies: An overview. In The Information Age: An Anthology on Its Impact and Consequences; Alberts, D.S., Papp, D.S., Eds.; CreateSpace Independent Publishing Platform: Scotts Valley, CA, USA, 2012; pp. 13–35. [Google Scholar]

	



Byun, Y.H.; Ha, M.; Kwon, H.J.; Hong, Y.C.; Leem, J.H.; Sakong, J.; Kim, S.Y.; Lee, C.G.; Kang, D.; Choi, H.D.; et al. Mobile phone use, blood lead levels, and attention deficit hyperactivity symptoms in children: A longitudinal study. PLoS ONE 2013, 8, e59742. [Google Scholar] [CrossRef]

	



Fernandez, C.; de Salles, A.A.; Sears, M.E.; Morris, R.D.; Davis, D.L. Absorption of wireless radiation in the child versus adult brain and eye from cell phone conversation or virtual reality. Environ. Res. 2018, 167, 694–699. [Google Scholar] [CrossRef]

	



Forouharmajd, F.; Pourabdian, S.; Ebrahimi, H. Evaluating temperature changes of brain tissue due to induced heating of cell phone waves. Int. J. Prev. Med. 2018, 9, 40. [Google Scholar]

	



Pisano, S.; Muratori, P.; Senese, V.P.; Gorga, C.; Siciliano, M.; Carotenuto, M.; Iuliano, R.; Bravaccio, C.; Signoriello, S.; Gritti, A.; et al. Phantom phone signals in youths: Prevalence, correlates and relation to psychopathology. PLoS ONE 2019, 14, e0210095. [Google Scholar] [CrossRef]

	



You, Z.; Zhang, Y.; Zhang, L.; Xu, Y.; Chen, X. How does self-esteem affect mobile phone addiction? The mediating role of social anxiety and interpersonal sensitivity. Psychiatry Res. 2019, 271, 526–531. [Google Scholar] [CrossRef]

	



Zheng, F.; Gao, P.; He, M.; Li, M.; Wang, C.; Zeng, Q.; Zhou, Z.; Yu, Z.; Zhang, L. Association between mobile phone use and inattention in 7102 chinese adolescents: A population-based cross-sectional study. BMC Public Health 2014, 14, 1022. [Google Scholar] [CrossRef]

	



Wayne, N.L.; Miller, G.A. Impact of gender, organized athletics, and video gaming on driving skills in novice drivers. PLoS ONE 2018, 13, e0190885. [Google Scholar] [CrossRef]

	



Stenseng, F.; Hygen, B.W.; Wichstrom, L. Time spent gaming and psychiatric symptoms in childhood: Cross-sectional associations and longitudinal effects. Eur. Child Adolesc. Psychiatry 2019, 1–9. [Google Scholar] [CrossRef]

	



Matar Boumosleh, J.; Jaalouk, D. Depression, anxiety, and smartphone addiction in university students—A cross sectional study. PLoS ONE 2017, 12, e0182239. [Google Scholar] [CrossRef]

	



Suenderhauf, C.; Walter, A.; Lenz, C.; Lang, U.E.; Borgwardt, S. Counter striking psychosis: Commercial video games as potential treatment in schizophrenia? A systematic review of neuroimaging studies. Neurosci. Biobehav. Rev. 2016, 68, 20–36. [Google Scholar] [CrossRef]

	



Ebrahim, S.; Davey Smith, G. Mendelian randomization: Can genetic epidemiology help redress the failures of observational epidemiology? Hum. Genet. 2008, 123, 15–33. [Google Scholar] [CrossRef]

	



Lawlor, D.A.; Harbord, R.M.; Sterne, J.A.; Timpson, N.; Davey Smith, G. Mendelian randomization: Using genes as instruments for making causal inferences in epidemiology. Stat. Med. 2008, 27, 1133–1163. [Google Scholar] [CrossRef]

	



Polimanti, R.; Amstadter, A.B.; Stein, M.B.; Almli, L.M.; Baker, D.G.; Bierut, L.J.; Bradley, B.; Farrer, L.A.; Johnson, E.O.; King, A.; et al. A putative causal relationship between genetically determined female body shape and posttraumatic stress disorder. Genome Med. 2017, 9, 99. [Google Scholar] [CrossRef]

	



Sullivan, P.F.; Agrawal, A.; Bulik, C.M.; Andreassen, O.A.; Borglum, A.D.; Breen, G.; Cichon, S.; Edenberg, H.J.; Faraone, S.V.; Gelernter, J.; et al. Psychiatric genomics: An update and an agenda. Am. J. Psychiatry 2018, 175, 15–27. [Google Scholar] [CrossRef]

	



Bycroft, C.; Freeman, C.; Petkova, D.; Band, G.; Elliott, L.T.; Sharp, K.; Motyer, A.; Vukcevic, D.; Delaneau, O.; O’Connell, J.; et al. The uk biobank resource with deep phenotyping and genomic data. Nature 2018, 562, 203–209. [Google Scholar] [CrossRef]

	



Demontis, D.; Walters, R.K.; Martin, J.; Mattheisen, M.; Als, T.D.; Agerbo, E.; Baldursson, G.; Belliveau, R.; Bybjerg-Grauholm, J.; Baekvad-Hansen, M.; et al. Discovery of the first genome-wide significant risk loci for attention deficit/hyperactivity disorder. Nat. Genet. 2019, 51, 63–75. [Google Scholar] [CrossRef] [PubMed]

	



Walters, R.K.; Polimanti, R.; Johnson, E.C.; McClintick, J.N.; Adams, M.J.; Adkins, A.E.; Aliev, F.; Bacanu, S.A.; Batzler, A.; Bertelsen, S.; et al. Transancestral gwas of alcohol dependence reveals common genetic underpinnings with psychiatric disorders. Nat. Neurosci. 2018, 21, 1656–1669. [Google Scholar] [CrossRef]

	



Duncan, L.; Yilmaz, Z.; Gaspar, H.; Walters, R.; Goldstein, J.; Anttila, V.; Bulik-Sullivan, B.; Ripke, S.; Thornton, L.; Hinney, A.; et al. Significant locus and metabolic genetic correlations revealed in genome-wide association study of anorexia nervosa. Am. J. Psychiatry 2017, 174, 850–858. [Google Scholar] [CrossRef]

	



Grove, J.; Ripke, S.; Als, T.D.; Mattheisen, M.; Walters, R.K.; Won, H.; Pallesen, J.; Agerbo, E.; Andreassen, O.A.; Anney, R.; et al. Identification of common genetic risk variants for autism spectrum disorder. Nat. Genet. 2019, 51, 431–444. [Google Scholar] [CrossRef]

	



Stahl, E.A.; Breen, G.; Forstner, A.J.; McQuillin, A.; Ripke, S.; Trubetskoy, V.; Mattheisen, M.; Wang, Y.; Coleman, J.R.I.; Gaspar, H.A.; et al. Genome-wide association study identifies 30 loci associated with bipolar disorder. Nat. Genet. 2019, 51, 793–803. [Google Scholar] [CrossRef]

	



Wray, N.R.; Ripke, S.; Mattheisen, M.; Trzaskowski, M.; Byrne, E.M.; Abdellaoui, A.; Adams, M.J.; Agerbo, E.; Air, T.M.; Andlauer, T.M.F.; et al. Genome-wide association analyses identify 44 risk variants and refine the genetic architecture of major depression. Nat. Genet. 2018, 50, 668–681. [Google Scholar] [CrossRef] [PubMed]

	



Duncan, L.E.; Ratanatharathorn, A.; Aiello, A.E.; Almli, L.M.; Amstadter, A.B.; Ashley-Koch, A.E.; Baker, D.G.; Beckham, J.C.; Bierut, L.J.; Bisson, J.; et al. Largest gwas of ptsd (n 070) yields genetic overlap with schizophrenia and sex differences in heritability. Mol. Psychiatry 2018, 23, 666–673. [Google Scholar] [CrossRef] [PubMed]

	



Schizophrenia Working Group of the Psychiatric Genomics Consortium. Biological insights from 108 schizophrenia-associated genetic loci. Nature 2014, 511, 421–427. [Google Scholar] [CrossRef] [PubMed]

	



Bulik-Sullivan, B.; Finucane, H.K.; Anttila, V.; Gusev, A.; Day, F.R.; Loh, P.R.; Duncan, L.; Perry, J.R.; Patterson, N.; Robinson, E.B.; et al. An atlas of genetic correlations across human diseases and traits. Nat. Genet. 2015, 47, 1236–1241. [Google Scholar] [CrossRef]

	



Bulik-Sullivan, B.K.; Loh, P.R.; Finucane, H.K.; Ripke, S.; Yang, J.; Patterson, N.; Daly, M.J.; Price, A.L.; Neale, B.M. Ld score regression distinguishes confounding from polygenicity in genome-wide association studies. Nat. Genet. 2015, 47, 291–295. [Google Scholar] [CrossRef]

	



Pierce, B.L.; Burgess, S. Efficient design for mendelian randomization studies: Subsample and 2-sample instrumental variable estimators. Am. J. Epidemiol. 2013, 178, 1177–1184. [Google Scholar] [CrossRef]

	



Howard, D.M.; Adams, M.J.; Clarke, T.K.; Hafferty, J.D.; Gibson, J.; Shirali, M.; Coleman, J.R.I.; Hagenaars, S.P.; Ward, J.; Wigmore, E.M.; et al. Genome-wide meta-analysis of depression identifies 102 independent variants and highlights the importance of the prefrontal brain regions. Nat. Neurosci. 2019, 22, 343–352. [Google Scholar] [CrossRef]

	



Pardinas, A.F.; Holmans, P.; Pocklington, A.J.; Escott-Price, V.; Ripke, S.; Carrera, N.; Legge, S.E.; Bishop, S.; Cameron, D.; Hamshere, M.L.; et al. Common schizophrenia alleles are enriched in mutation-intolerant genes and in regions under strong background selection. Nat. Genet. 2018, 50, 381–389. [Google Scholar] [CrossRef]

	



Euesden, J.; Lewis, C.M.; O’Reilly, P.F. Prsice: Polygenic risk score software. Bioinformatics 2015, 31, 1466–1468. [Google Scholar] [CrossRef]

	



Boef, A.G.; Dekkers, O.M.; Vandenbroucke, J.P.; le Cessie, S. Sample size importantly limits the usefulness of instrumental variable methods, depending on instrument strength and level of confounding. J. Clin. Epidemiol. 2014, 67, 1258–1264. [Google Scholar] [CrossRef]

	



Crown, W.H.; Henk, H.J.; Vanness, D.J. Some cautions on the use of instrumental variables estimators in outcomes research: How bias in instrumental variables estimators is affected by instrument strength, instrument contamination, and sample size. Value Health 2011, 14, 1078–1084. [Google Scholar] [CrossRef] [PubMed]

	



Polimanti, R.; Gelernter, J.; Stein, D.J. Genetically determined schizophrenia is not associated with impaired glucose homeostasis. Schizophr. Res. 2018, 195, 286–289. [Google Scholar] [CrossRef] [PubMed]

	



Polimanti, R.; Kaufman, J.; Zhao, H.; Kranzler, H.R.; Ursano, R.J.; Kessler, R.C.; Stein, M.B.; Gelernter, J. Trauma exposure interacts with the genetic risk of bipolar disorder in alcohol misuse of us soldiers. Acta Psychiatr. Scand. 2018, 137, 148–156. [Google Scholar] [CrossRef]

	



Bowden, J.; Davey Smith, G.; Haycock, P.C.; Burgess, S. Consistent estimation in mendelian randomization with some invalid instruments using a weighted median estimator. Genet. Epidemiol. 2016, 40, 304–314. [Google Scholar] [CrossRef]

	



Bowden, J.; Del Greco, M.F.; Minelli, C.; Davey Smith, G.; Sheehan, N.; Thompson, J. A framework for the investigation of pleiotropy in two-sample summary data mendelian randomization. Stat. Med. 2017, 36, 1783–1802. [Google Scholar] [CrossRef]

	



Hartwig, F.P.; Davey Smith, G.; Bowden, J. Robust inference in summary data mendelian randomization via the zero modal pleiotropy assumption. Int. J. Epidemiol. 2017, 46, 1985–1998. [Google Scholar] [CrossRef]

	



Zhao, Q.; Wang, J.; Hemani, G.; Bowden, J.; Small, D.S. Statistical inference in two-sample summary data mendelian randomization using robust adjusted profile score. arXiv 2018, arXiv:1801.09652. [Google Scholar]

	



Burgess, S.; Bowden, J.; Fall, T.; Ingelsson, E.; Thompson, S.G. Sensitivity analyses for robust causal inference from mendelian randomization analyses with multiple genetic variants. Epidemiology 2017, 28, 30–42. [Google Scholar] [CrossRef]

	



Verbanck, M.; Chen, C.Y.; Neale, B.; Do, R. Detection of widespread horizontal pleiotropy in causal relationships inferred from mendelian randomization between complex traits and diseases. Nat. Genet. 2018, 50, 693–698. [Google Scholar] [CrossRef]

	



Hemani, G.; Zheng, J.; Elsworth, B.; Wade, K.H.; Haberland, V.; Baird, D.; Laurin, C.; Burgess, S.; Bowden, J.; Langdon, R.; et al. The mr-base platform supports systematic causal inference across the human phenome. Elife 2018, 7, e34408. [Google Scholar] [CrossRef]

	



Burgess, S.; Thompson, S.G. Multivariable mendelian randomization: The use of pleiotropic genetic variants to estimate causal effects. Am. J. Epidemiol. 2015, 181, 251–260. [Google Scholar] [CrossRef] [PubMed]

	



Yavorska, O.O.; Burgess, S. Mendelianrandomization: An r package for performing mendelian randomization analyses using summarized data. Int. J. Epidemiol. 2017, 46, 1734–1739. [Google Scholar] [CrossRef] [PubMed]

	



O’Connor, L.J.; Price, A.L. Distinguishing genetic correlation from causation across 52 diseases and complex traits. Nat. Genet. 2018, 50, 1728–1734. [Google Scholar] [CrossRef] [PubMed]

	



de Leeuw, C.A.; Mooij, J.M.; Heskes, T.; Posthuma, D. Magma: Generalized gene-set analysis of gwas data. PLoS Comput. Biol. 2015, 11, e1004219. [Google Scholar] [CrossRef] [PubMed]

	



Watanabe, K.; Taskesen, E.; van Bochoven, A.; Posthuma, D. Functional mapping and annotation of genetic associations with fuma. Nat. Commun. 2017, 8, 1826. [Google Scholar] [CrossRef] [PubMed]

	



Muniz Carvalho, C.; Wendt, F.; Maihofer, A.; Stein, D.; Stein, M.; Sumner, J.; Hemmings, S.; Nievergelt, C.; Koenen, K.; Gelernter, J.; et al. Dissecting the association of c-reactive protein levels with ptsd, traumatic events, and social support. medRxiv 2019. [Google Scholar] [CrossRef]

	



Muniz Carvalho, C.; Wendt, F.R.; Stein, D.J.; Stein, M.B.; Gelernter, J.; Belangero, S.I.; Polimanti, R. Metabolome-wide mendelian randomization analysis of emotional and behavioral responses to traumatic stress. bioRxiv 2019, bioRxiv:545442. [Google Scholar]

	



Polimanti, R.; Ratanatharathorn, A.; Maihofer, A.X.; Choi, K.W.; Stein, M.B.; Morey, R.A.; Logue, M.W.; Nievergelt, C.M.; Stein, D.J.; Koenen, K.C.; et al. Association of economic status and educational attainment with posttraumatic stress disorder: A mendelian randomization study. JAMA Netw. Open 2019, 2, e193447. [Google Scholar] [CrossRef]

	



Breiderhoff, T.; Christiansen, G.B.; Pallesen, L.T.; Vaegter, C.; Nykjaer, A.; Holm, M.M.; Glerup, S.; Willnow, T.E. Sortilin-related receptor sorcs3 is a postsynaptic modulator of synaptic depression and fear extinction. PLoS ONE 2013, 8, e75006. [Google Scholar] [CrossRef]

	



Flores, A.; Valls-Comamala, V.; Costa, G.; Saravia, R.; Maldonado, R.; Berrendero, F. The hypocretin/orexin system mediates the extinction of fear memories. Neuropsychopharmacology 2014, 39, 2732–2741. [Google Scholar] [CrossRef]

	



Chen, X.S.; Reader, R.H.; Hoischen, A.; Veltman, J.A.; Simpson, N.H.; Francks, C.; Newbury, D.F.; Fisher, S.E. Next-generation DNA sequencing identifies novel gene variants and pathways involved in specific language impairment. Sci. Rep. 2017, 7, 46105. [Google Scholar] [CrossRef]

	



Xu, S.; Liu, P.; Chen, Y.; Chen, Y.; Zhang, W.; Zhao, H.; Cao, Y.; Wang, F.; Jiang, N.; Lin, S.; et al. Foxp2 regulates anatomical features that may be relevant for vocal behaviors and bipedal locomotion. Proc. Natl. Acad. Sci. USA 2018, 115, 8799–8804. [Google Scholar] [CrossRef] [PubMed]

	



Weinstein, A.M. Computer and video game addiction-a comparison between game users and non-game users. Am. J. Drug Alcohol Abus. 2010, 36, 268–276. [Google Scholar] [CrossRef] [PubMed]

	



Martin, J.; Walters, R.K.; Demontis, D.; Mattheisen, M.; Lee, S.H.; Robinson, E.; Brikell, I.; Ghirardi, L.; Larsson, H.; Lichtenstein, P.; et al. A genetic investigation of sex bias in the prevalence of attention-deficit/hyperactivity disorder. Biol. Psychiatry 2018, 83, 1044–1053. [Google Scholar] [CrossRef]

	



Jost, L.; Fuchs, M.; Loeffler, M.; Thiery, J.; Kratzsch, J.; Berger, T.; Engel, C. Associations of sex hormones and anthropometry with the speaking voice profile in the adult general population. J. Voice 2018, 32, 261–272. [Google Scholar] [CrossRef] [PubMed]

	



Perez-Pouchoulen, M.; Toledo, R.; Garcia, L.I.; Perez-Estudillo, C.A.; Coria-Avila, G.A.; Hernandez, M.E.; Carrillo, P.; Manzo, J. Androgen receptors in purkinje neurons are modulated by systemic testosterone and sexual training in a region-specific manner in the male rat. Physiol. Behav. 2016, 156, 191–198. [Google Scholar] [CrossRef]

	



Mehta, P.H.; Welker, K.M.; Zilioli, S.; Carre, J.M. Testosterone and cortisol jointly modulate risk-taking. Psychoneuroendocrinology 2015, 56, 88–99. [Google Scholar] [CrossRef]

	



Richardson, T.G.; Harrison, S.; Hemani, G.; Davey Smith, G. An atlas of polygenic risk score associations to highlight putative causal relationships across the human phenome. Elife 2019, 8, e43657. [Google Scholar] [CrossRef]








[image: Jcm 08 02040 g001 550] 





Figure 1. Linkage disequilibrium score regression genetic correlations for computerized device use and psychiatric disorder (attention deficit hyperactivity disorder (ADHD), alcohol dependence, autism spectrum disorder, bipolar disorder, anorexia nervosa, major depressive disorder, post-traumatic stress disorder, and schizophrenia) pairs. Large asterisks indicate genetic correlations surviving multiple testing correction (p = 1.25 × 10−3), while small asterisks indicate nominally significant genetic correlations. Genetic correlations significant after Bonferroni correction are provided in Table S1. 
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Figure 2. Genes significantly associated with both schizophrenia (SCZ) and UKB Field ID 2237 “plays computer games” (CompGaming) after Bonferroni correction (p < 2.64 × 10−6). The difference in per-gene effects (z-scoreCompGaming minus z-scoreSCZ) on each trait is color-coded. 
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Figure 3. Scatterplots showing gene set enrichment (a; N = 221 gene sets) and linkage disequilibrium score regression (b; N = 224 traits) results for gene sets and UK Biobank traits with nominally significant differences between schizophrenia and CompGaming (UKB Field ID 2237 “plays computer games”). Gene sets are labeled with gene ontology (GO), reactome (R), systematic identifiers (M), or specific study identifiers (last name of first author); the top five most significant differences in genetic correlation are labeled. Detailed results for gene set enrichment and genetic correlations surviving multiple testing correction are provided in Tables S7–S10. 
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Figure 4. Scatterplots of genetic correlation results for attention deficit hyperactivity disorder (ADHD) and PhoneUse, for both sexes combined (a; N = 841 traits), females only (b; N = 478 traits), and males only (c; N = 435 traits). Labeled traits are among the top ten most significant genetic correlations in ADHD and PhoneUse (UKB Field ID 1120 “weekly usage of mobile phone in last three months”). Detailed genetic correlation results surviving multiple testing correction are provided in Tables S21–S23. 
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Table 1. General information for computerized device UK Biobank (UKB) traits and Psychiatric Genomes Consortium (PGC) disorders. Note that data distributions are based on the entire UKB.
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	Trait
	UKB Questionnaire Entry
	Abbreviation
	Sample Size
	Heritability % (se)
	Cohort
	Phenotype Description/Reference to Original Work





	Length of mobile phone use (UKB ID: 1110)
	For approximately how many years have you been using a mobile phone at least once per week to make or receive calls?
	PhoneLength
	356,618
	5.35 (0.26)
	UKB
	 [image: Jcm 08 02040 i001]



	Weekly usage of mobile phone in last 3 months (UKB ID: 1120)
	Over the last three months, on average how much time per week did you spend making or receiving calls on a mobile phone?
	PhoneUse
	301,157
	4.82 (0.25)
	UKB
	 [image: Jcm 08 02040 i002]



	Hands-free device/speakerphone use with mobile phone in last 3 months (UKB ID: 1130)
	Over the last three months, how often have you used a hands-free device/speakerphone when making or receiving calls on your mobile?
	HandsFree
	302,733
	7.15 (1.47)
	UKB
	 [image: Jcm 08 02040 i003]



	Differences in mobile phone use compared to two years previously (UKB ID: 1140)
	Is there any difference between your mobile phone use now compared to two years ago?
	PhoneDifference
	298,239
	5.44 (1.30)
	UKB
	 [image: Jcm 08 02040 i004]



	Plays computer games (UKB ID: 2237)
	Do you play computer games?
	CompGaming
	360,817
	7.28 (0.29)
	UKB
	 [image: Jcm 08 02040 i005]



	Attention Deficit Hyperactivity Disorder
	-
	ADHD
	19,099 cases, 34,194 controls
	22.81 (1.48)
	PGC/iPSYCH
	[17]



	Alcohol Dependence
	-
	AD
	8,485 cases, 23,080 controls
	5.08 (1.16)
	PGC
	[18]



	Autism Spectrum Disorder
	-
	ASD
	18,382 cases, 27,969 controls
	19.41 (1.68)
	PGC/iPSYCH
	[20]



	Schizophrenia
	-
	SCZ
	36,989 cases, 113,075 controls
	23.22 (0.92)
	PGC
	[24]



	Post-traumatic Stress Disorder
	-
	PTSD
	13,638 cases, 15,548 controls
	4.86 (2.15)
	PGC
	[23]



	Anorexia Nervosa
	-
	AN
	3,495 cases, 10,982 controls
	24.03 (3.82)
	PGC
	[19]



	Major Depressive Disorder
	-
	MDD
	59,851 cases, 113,154 controls
	7.61 (0.44)
	PGC
	[22]



	Bipolar Disorder
	-
	BIP
	20,352 cases, 31,358 controls
	4.32 (12)
	PGC
	[21]











© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






media/file4.png
Association with Schizophrenia -log10{p-value)

-
=
I

==
I

=p)
I

s TWYS
e C2omes

- TCFEE [ ] TENAEET

JPLEKHO1

-
C2orfdy

e /P545

e SEFPTS

.FDIDE

s RPRD2
* C1orf54

s S5ATE2

DRD2
-

10

Association with CompGaming -log10{p-value)

15

20

me— e

0

2

4

25





nav.xhtml


  jcm-08-02040


  
    		
      jcm-08-02040
    


  




  





media/file11.png
Less than Gmins [949 521 ]-
o-249 mins [185 306]-

-
30-59 mins [B82 355]- |

]

|

|

|

1-3 hours [b7 ,431]-

4-6 hours [19 44B]-

More than b hours [19 930]-
Do not know [B,727]-

Frefer not to answer [388]-

0 40 80 120 160 200
(thousands)





media/file2.png
2 z
8 8 § v
v
§ 3 & . g8
Genetic Correlation c S 2 3 @4 9 ®
Qa o O o » = c
L < 8_ n Q ¢ v
Q = o~ 8 35 <
3 P4 E - © U Q.
o - 4 ) = s + g = 9
Z 8 ¢ £ 28 7 %8 =
< T < < ®» = &858 &
Length of mobile phone use (UKBID: 1110) 9K %k K Xk
Weekly usage of mobile phone in last 3 months
(UKB ID: 1120) Xk *k * X
Hands-free device/speakerphone use with
mobile phone in last 3 months (UKB ID: 1130)
Differencesin mobile phone use compared to *
two years previously (UKB I1D: 1140) * , *
Plays computer games (UKB ID: 2237) * * * *





media/file13.png
Mo [24b Bbk] -

Yes, use 1s now less frequent (B2 234 ]- |

Yes, use 1s now more frequent [TeU,152] -

| didnt use a mobile phone two years ago [E,EBF]-]
Do not know [4,5?[3]-]

Frefer not to answer [385]-

0 50 100 180 200 250
(thousands)





media/file5.jpg





media/file3.jpg
log10(p-value)

3

Association with Schizophren

*SEPT3

FOX06
« RPRD2
* Ctorf54

*SATB2

DRD2

10 15

Association with CompGaming -log10(p-value)

20

—

0

2

4

25





media/file1.jpg
2 3
g H 2
£ s R
Genetic Correlatior 2§53 i3
netic Correlation 2 2 2 28 o
g 53§ i3 ¢
8§ 3 88 88,2
o 2 3 £ 5 §EEF
T S 2 %8 58z
2 I %2 2 5 28583
Length of mobile phone use (UKB1D: 1110) 3k % * *
\Weekly usage of mobile phone in last 3 months|
(UKB1D: 1120) * % & *
Hands-free device/speakerphone use with
‘mobile phone in last 3 months (UKB ID: 1130).
Differencesin mobile phone use compared to *
two years previously (UK ID: 1140) — *
Plays computer games (UKB 1D: 2237) K * ok 3k *





media/file7.jpg





media/file10.png
Mever used mobile phone at least once perweek [80,043]. |
Cne year orless [14 ,395]-j

Two to four years [90 312]- |

Five to eight years [162 45/ ]-

More than eight years [210 741]-

Do not know [6,150] {]
Frefer not to answer |[1 ,EED]-]

i 50 100 150
(thousands)

200





media/file12.png
Mever or almost never [385 005]-

Less than half the time [48 303] :I
i
|
|
|
|

About half the time [18 373]-
More than half the time [10 363]-
Always or almost always [13,304].-
Do not know [3,857] -

Frefer not to answer [1,299]-

0 30 160 240 320 400
(thousands)





media/file0.png





media/file14.png
Meverfrarely [44b bd5]-

sometimes [958 7 25] - |

Often [19,395]-]

Frefer not to answer [8b4d |-

0 100 200 300 400 500
(thousands)





media/file8.png
PhoneUse Genetic Correlation (both sexes)

ICD10: M25 Oiher unclassified joint dlsor;!J
; Othel'syecrﬁc joint disorder

0.57

% e |
o ndt

LJ L4
-
i d!ﬂion;: College or University degree
-
e at ﬁrst live birth ,

Age at ﬁrst sexual mtercoursa
0.5

PhoneUse Genetic Correlation (females)

s
e

08
. L
E & % ®
E .‘ ".'.
Rlsk Taklng \‘ X% 09
0.4 | -~ ol Vel
: f”mﬁ;\
.- 7
q i
. S o .t ® E
Smoking s@us'\fever 5
Age co enegﬁulfglme eﬂucahon

Ag a:‘f,.st sexual intercourse
Att darfcemlsablllty.’mohlhty allowance: None

ADHD Genetlc Correlatlon (both sexes)

&

0 0 0.5
ADHD Genetic Correlation (females)

PhoneUse Genetic Correlation (males)

0.07

0.5

*
L]

Risk Taking»
L

&

- o
Quahﬁcatibn:. Collége c»r University degree
c: LR g
Age gtﬁrst!exual interc:burse

- _

0.5 l]lll 0.5
ADHD Genetic Correlation (males)

Bonferroni in ADHD, Nominal in PhoneUse @ Bonferroni in Both © Bonferroni in PhoneUse, Nominal in ADHD © Nominal in Both





media/file6.png
CompGaming Enrichment (beta)

2.0 .
" d Job coding: I T/systems/data/telecom manager
M2492 .
. .
*Usual side of head for mobile phone use (equal)
N 0.4 Number of correct matches in round (pairs matching) . * . .
. ’ R X
1.5 = L ] [ ]
S Low calorie drink intake ~ © =« 0 of
T E N t. - o bo *e ."
N 0.31 . ]
*R-HBA-3768172-G0:0007216 3 ¢ * o Aj . Ve
. [2] . e® ' L a® a,
M18597 M2492 s B s, .
-~ N14888 . bl s S  |Reason for reducing amount of alcohol drum dthenrﬂxl' :
00512 " o | . .
R-HSA-418885 — 0" 1868 o - .':- . ok 4
Glloblaﬁtm Ml.nﬂted woz.léze' E . ] ., ..‘-
&
G0:0015872G% 00510 ganglp.ﬂown (Le) o L
00 3 25 s M20S Cancer Early Recurrence (lizuka) E’ o ° *e
o5 omaSuf‘v ival :0010092 S o, *°
60.0017056 'Go:19 .
Go:ﬁmgmg 000
. c\‘t‘ - R @
. ~ . .
L .
0.0 *
1.0 0.5 0.0 0.5 1.0 1.5 s 0.4 0.3 0.2 0.4 0.0 0.1
Schizophrenia Enrichment (beta) Schizophrenia Genetic Correlation

@ Bonferroni Difference’ Nominal Difference






